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Introduction

INTRODUCTION

Lower respiratory tract infections in general practice

Respiratory tract infection symptoms are the most common reason for patients to consult
their general practitioner (GP).' These infections can be divided into those arising from
the upper respiratory tract - including ‘common cold; acute rhinosinusitis, and pharyngo-
tonsillitis — and those arising from the lower respiratory tract, including acute bronchitis
and pneumonia.

Around three percent of the Dutch population is diagnosed with a lower respiratory tract
infection (LRTI) annually.' Signs and symptoms suggestive of LRTI include acute cough,
fever, shortness of breath, tachypnoea, and (unilateral) abnormalities upon lung auscul-
tation such as crackles.” Upper respiratory tract infection symptoms (e.g. rhinorrhoea,
sore throat, sneezing) are often present, and LRTI patients may also experience systemic
symptoms such as malaise, fatigue, muscle aches, and chills.

Community-acquired LRTI is a clinical diagnosis and pathogen testing is not routinely
recommended in general practice. Nevertheless, studies that performed systematic
pathogen testing using serum, sputum, and nasopharyngeal swab samples have shown
that most LRTI are of viral origin, with a bacterium present in around 20% of patients.?

Community-acquired LRTIs usually run a favourable course. Antibiotic treatment in
patients with uncomplicated LRTI, i.e. those presenting with acute cough as main
symptom judged to be infectious and without complicating conditions such as
pulmonary comorbidity or a compromised immune system, and nearly always viral,
does not provide benefit in terms of symptom duration or severity, and is therefore not
routinely recommended.”*® Nevertheless, adverse outcomes — such as hospitalisation or
even mortality — do occur in around one percent of adult patients presenting to general
practice with (initially) uncomplicated LRTI up to nine percent in older patients (i.e., 265
years) with both complicated and uncomplicated LRTL.”® Adverse outcome rates are
substantially higher in patients diagnosed with community-acquired pneumonia (CAP)
by their GP, with reported hospitalisation rates up to 50% in Germany and the United
Kingdom.”"" Therefore, the guideline on ‘acute cough’ issued by the Dutch College of
General Practitioners (NHG) recommends GPs to try to substantiate patients with acute
cough, in whom close monitoring and/or antibiotics might be considered based on
additional ‘risk factors’ for a complicated disease trajectory, from those with suspected
CAP, in whom antibiotic treatment is recommended.? A point-of-care (PoC) C-reactive
protein (CRP) test can be used to rule out CAP in intermediate risk patients according
to the GP’s judgement: low CRP levels (<20 mg/L) are likely in patients with viral LRTI
whereas high levels (>100 mg/L) support the diagnosis of CAP. However, distinguishing
CAP or presence of a bacterial pathogen from viral LRTI based on signs, symptoms, and a
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Chapter 1

PoC CRP test remains difficult in general practice.'”" This leaves GPs with uncertainty on
how to best manage patients with LRTI in everyday practice.

Prognostication of patients presenting to general practice with a
community-acquired lower respiratory tract infection

The ‘acute cough’ guideline issued by the NHG lists the following patient characteristics
as prognostic factors for a complicated trajectory in adult patients: higher age (arbitrary
>75 years); a history of severe cardiac disease, pulmonary disease, diabetes, or neurological
disorders; severe liver or kidney impairment; and a severely impaired immune system.” It
is emphasized that this list of prognostic factors is based on consensus due to a lack of
evidence on prognostic factors and prediction models on this subject. Equally important,
the list of individual factors predictive of a complicated trajectory mentioned in the
guideline does not translate into absolute individual risks, hampering unequivocal clinical
interpretation and communication with patients. Thus, irrespective of the high burden of
LRTI in the population, GPs are left without evidence-based guidance on how to identify
patients at highest risk of adverse outcomes to support their clinical assessment and the
decision-making process.

Prediction models incorporating a predefined set of predictors are tools that can assist
clinicians by estimating individual risk of an outcome. Existing prediction models for
adverse outcomes in LRTI patients that have been adopted in routine hospital care are -
most notably — the Pneumonia Severity Index (PSI) and CURB-65 (confusion, blood urea
nitrogen, respiratory rate, blood pressure, and age =65 years).'*" Both prediction models
have been developed to predict individual risk of 30-day mortality in hospitalised CAP
patients which limits applicability to community LRTI patients in whom both CAP and
mortality are rare."® The lower a priori risk of the outcome in community patients would
likely affect the predictive performance of a prediction model.” In addition, both PSI
and CURB-65 include radiographic or laboratory assessments as predictors that are not
readily or immediately (i.e. blood nitrogen urea) available to GPs (Table 1).

Table 1. Predictors of PSI and CURB-65

PSI CURB-65
Predictor Points Predictor Points
Age
Men Age (yr) Confusion 1
Women Age (yr)-10
Nursing home resident +10 Blood urea nitrogen >7 mmol/litre 1
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Introduction

Table 1. Continued

PSI CURB-65
Coexisting illness Respiratory rate 230/min 1
Neoplastic disease +30
Liver disease +20
Congestive heart failure +10
Cerebrovascular disease +10 SBP <90 or DBP <60 mmHg !
Renal disease +10
Physical examination Age =65 years 1
Altered mental status +20
Respiratory rate =30/min +20 Total Mortality rate (%)
SBP <90 mmHg +20 0-1 points: 15
Temperature <35 or =40°C +15 2 points: 9.2
Pulse =125/min +10 >3 points: 22.0

Laboratory and radiographic

Arterial pH <7.35 +30
Blood urea nitrogen =11 mmol/litre  +20
Sodium <130 mmol/litre +20
Glucose =14 mmol/litre +10
Haematocrit <30% +10
Partial pressure of arterial +10
Oxygen <60 mmHg

Pleural effusion +10

Total Mortality rate (%)

0 points: 0.1

<70 points: 0.6

71-90 points: 0.9
91-130 points: 9.3
>130 points: 27.0

Abbreviations: PSI, pneumonia severity index; CURB-65, confusion, blood urea nitrogen, respiratory
rate, blood pressure, and age =65 years; SBP, systolic blood pressure; DBP, diastolic blood pressure.

Mortality rates based on model validation cohorts as presented in the primary model development
and validation study."*"

In their publication on the development of the CURB-65, the authors also present an
alternative for use in the community setting: the CRB-65, consisting of the CURB-65
predictors excluding blood urea nitrogen." This CRB-65 scoring rule — with predictors
readily available also in general practice - is incorporated in the guideline on pneumonia
in adults of the National Institute for Health and Care Excellence (NICE) from the United
Kingdom.'® Following this guideline, GPs are encouraged to use CRB-65 in addition to
clinical judgement, and it is recommended to consider hospital admission in CAP patients
with a score of 2 or more. This recommendation, however, is based on the 30-day mortal-
ity risk of hospitalised CAP patients observed in those with a score of 2 or more - almost
10% — whereas it is likely that this risk is substantially lower in CAP patients presenting
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Chapter 1

to their GP. When applying a prediction model in a population that differs from that of
model development in, for example, outcome prevalence, it should be validated in the
population of intended use."” Moreover, from a community patient and GP perspective it
would be relevant to include hospitalisation as an endpoint.

The attempts of current practice to guide GPs in estimating the prognosis of LRTI patients
and the lack of consensus across guidelines imply a need for a thorough synthesis of the
available prognostic literature on this topic. This may identify prognostic factors or exist-
ing prediction models or provide guidance for derivation of a novel prediction model.

The role of concurrent cardiovascular disease in the prognosis of
patients with a lower respiratory tract infection

When predicting future health outcomes, age and sex are usually strong predictors. This
also applies to the prognosis of community patients with LRTI, with age and sex reported
as prognostic factors for short-term hospitalisation or mortality in several studies.”'**
Apart from these‘usual suspects, concurrent cardiovascular diseases (CVD) have also been
linked to poor prognosis of community-acquired LRTI. For example, heart failure, prior
stroke, and diabetes have been linked to increased risk of hospitalisation and mortality
within a month from LRTI diagnosis among community patients.'**"?* Evidence obtained
during the coronavirus disease 2019 (COVID-19) pandemic showed that CVD negatively
impacted the prognosis of SARS-CoV-2 infected patients presenting to general practice.
Apart from age and sex, a wide range of CVD - including heart failure, coronary artery
disease, peripheral arterial disease, cerebrovascular disease, venous thromboembolism,
atrial fibrillation, and diabetes — were predictive for hospitalisation within 90 days.”
Despite consistent evidence on the prognostic value of concurrent CVD in community
patients with LRTI, the incremental value when added to other strong predictors such as
age and sex - indicating its incremental predictive value - remains to be quantified.

Lower respiratory tract infections as a trigger for cardiovascular
diseases

The interplay between CVD and LRTI also works in the opposite direction: LRTI have been
associated with an increased incidence of acute cardiovascular events. An association
between seasonal influenza and cardiovascular mortality was reported as early as 1932.*
The highest risk of acute cardiovascular events seems to be shortly following the initial
infection. Within 14 days following LRTI in community patients, incidence rates of arte-
rial events (acute myocardial infarction and stroke) increased fourfold whereas incidence
rates of venous thromboembolism (deep venous thrombosis and pulmonary embolism)
were found to have almost doubled.”®*® Specific respiratory pathogens, such as influ-
enza virus and SARS-CoV-2, were particularly studied for cardiovascular sequelae.””° A
proposed mechanism underlying the increase in cardiovascular events following LRTI is
immunothrombosis — i.e. activation of the immune system by acute infection, trigger-

12
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ing an interaction between inflammatory and prothrombotic pathways.*"** In addition,
LRTI patients can experience systemic changes such as increased heart rate and blood
pressure instability, which result in increased cardiac demand and therefore pose a ‘stress
test’ for the cardiovascular system.” Although evidence is accumulating that acute car-
diovascular events can be triggered by LRTI, the absolute excess burden of cardiovascular
events associated with LRTI - and therefore the population impact - remains unknown
since previous studies were unable to translate relative increases in incidence rates to
absolute excess risks. In addition, from a clinical perspective, it would be valuable to gain
more insight into specific patients or disease characteristics contributing to highest car-
diovascular risk following LRTI, since such approach holds potential to identify patients
that might benefit most from novel interventions to prevent cardiovascular events fol-
lowing a LRTI episode.”® These might, for example, include close monitoring strategies
for symptoms of unfolding CVD, early detection and management of ‘provoked’ atrial
fibrillation, or treatment aimed at prevention of thrombo-embolic events.

Utilising the full potential of electronic health records data in
prognostic research

Prognostic research usually requires a relatively large number of study participants,
especially when outcome events - such as hospitalisation, mortality, and cardiovascu-
lar events following LRTI in general practice — are rare. Electronic health records (EHR)
hold routine health care data on large numbers of unselected individual patients and
is increasingly recognised as a valuable source of large longitudinal cohorts that can be
used for such purposes.** For example, EHR data have been used to develop well-known
prediction models such as the QRisk scores, and to calculate individual scores of existing
prediction models such as the Framingham Heart score, both predicting 10-year risk of

35,36

CVD in the general population.

EHR contain structured data on domains including patient demographics, medical his-
tory, medication use, consultations, diagnoses, and treatments. The use of standardised
coding systems such as the International Classification of Primary Care (ICPC)* or Inter-
national Classification of Diseases (ICD)* for medical history and diagnoses and the Ana-
tomical Therapeutic Chemical (ATC)** codes for medication prescriptions allow for rela-
tively straightforward extraction of structured data. In addition to structured data, EHR
also contain unstructured data captured in clinical notes, with information on domains
including presenting signs and symptoms, physical examination, and measurements. The
potential of such information from unstructured clinical notes, for example as candidate
predictors in prediction model development studies, is evident.* However, manual ex-
traction of information from clinical notes on large amounts of patients is both time- and
resource-consuming, hence the focus on structured data in EHR-based research to date.”

13
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Chapter 1

Recent advances in the field of natural language processing (NLP) increasingly allow for
automated retrieval of information from unstructured EHR data.”” Especially the develop-
ment of large language models (LLM), an NLP technique which can process text while
taking context into account, is promising.” LLMs have already been used to extract data

from clinical notes on reported symptoms and chronic diseases.***

Since EHR data are not primarily collected for research purposes, its use in (prognostic)
research also poses challenges. For example, working with structured, code-based EHR
data could introduce information bias through misclassification of the study population,
candidate predictors, or outcome measures when codes are not uniformly used or even
incorrectly registered.*® Moreover, it is likely that a proportion of the information on ex-
tracted variables will not be recorded, and values will therefore be missing. Missing data
on candidate predictors should be properly handled based on the (assumed) underlying
mechanisms and intended use of the prediction model. The issue of missing data and
determination of the underlying mechanisms is probably even more challenging when
using candidate predictor information from free text clinical notes. Clinicians are likely to
selectively record positive or abnormal findings, which may result in the assumption that
missing values can be regarded as negative or normal. On the other hand, when a certain
sign or symptom is not recorded, it can be debated whether it is valid to assume the sign
or symptom was absent.

Despite the obvious challenges of working with unstructured EHR-data from clinical
notes, its potential for prognostic research cannot be ignored. However, before incor-
porating candidate predictors derived from unstructured clinical notes in a prediction
model, it is instrumental to gain more insight into the quality and completeness of clinical
notes and the performance of LLMs for the automatic extraction of candidate predictor
information from such data. This can support decisions regarding specific LLMs to be
used and how to handle non-recorded values. Ultimately, this will allow for the assess-
ment of the incremental predictive value of candidate predictors derived from clinical
notes when added to a prediction model based on structured data.

Aims of this thesis

In this thesis, we aim to improve prognostication of adults presenting to their GP with
LRTI while considering the role of CVD as well as exploring and utilising the full poten-
tial of unstructured EHR-data in this context. To this end, large cohorts of LRTI patients
presenting to general practice were derived from routine EHR databases, and the oppor-
tunities, challenges, and incremental value of including unstructured data on presenting
signs, symptoms, and measurements in prediction research was explored.

14
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The work presented in this thesis was inspired by the following clinical and methodological
questions:

In patients presenting to their GP with LRTI,
1. what are prognostic factors for 90-day all-cause hospitalisation or mortality?

2. what prediction models have been developed to estimate individual risk of 90-day
all-cause hospitalisation or mortality, and how well do these perform?

3. in the absence of an existing prediction model, which combination of predictors
can most accurately estimate individual risk of 30-day hospitalisation or mortality?

4. what is the incremental predictive value of a history of CVD for 30-day all-cause
hospitalisation or mortality?

In prognostic research,
5. what is the quality of unstructured EHR-data from clinical notes in terms of
completeness, and what are opportunities and challenges of including candidate

predictors derived from clinical notes?

6. what is the performance of LLMs when used for automatic extraction of candidate
predictor information from clinical notes in Dutch EHR?

Based on findings of the clinical and methodological questions listed above, in patients
presenting to their GP with LRTI,

7. what is the incremental predictive value of presenting signs and symptoms auto-
matically extracted from unstructured EHR-data by LLMs when predicting 30-day

all-cause hospitalisation or mortality?

8. what is the 90-day incidence of acute cardiovascular events following LRTI, and
which subset of patients are at highest risk of such events?

9. what is the absolute excess burden of acute cardiovascular events attributable to
LRTI?

15
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Chapter 1

Thesis outline

Based on our aims, this thesis consists of the following chapters:

In Chapter 2, we report the results of a systematic review of available literature on prog-
nostic factors and existing prediction models for all-cause hospitalisation and mortality
in patients presenting to general practice with LRTI, with the aim to identify established
prediction models - that need external validation or updating - and prognostic factors
that need to be considered when developing a new prediction model.

In Chapter 3, we present the rationale and design for the development of two models
that predict individual risk of (i) 30-day all-cause hospitalisation or mortality and (ii) acute
cardiovascular events in patients presenting to general practice with LRTI.

In Chapter 4, we explore the quality and completeness of unstructured EHR data from
clinical notes on presenting signs, symptoms, and measurements of patients presenting
to general practice with LRTI and explore challenges of working with unstructured EHR
data in the context of prognostic research.

In Chapter 5, we present the development, internal and external validation of an EHR-
based model that predicts individual risk of 30-day all-cause hospitalisation or mortality
in patients presenting to general practice with LRTI, while using a stepwise model devel-
opment approach to assess the incremental predictive value of a history of CVD.

In Chapter 6, we establish and compare the performance of several LLMs fine-tuned for
the automatic extraction of candidate predictor information on presenting signs and
symptoms from clinical notes in Dutch EHR of patients presenting to general practice
with LRTI.

In Chapter 7, we assess the incremental predictive value of presenting signs and symp-
toms extracted from unstructured EHR-data by LLMs for predicting individual risk of
30-day all-cause hospitalisation or mortality in patients presenting to general practice
with LRTI.

In Chapter 8, we map the short-term incidence of acute cardiovascular events following
LRTI in patients presenting to general practice with LRTI to identify subgroups of patients
with highest incidence of these events following LRTI. Subsequently, we present the re-
sults of a population-based nested self-controlled case-series assessing the association be-
tween LRTI and 90-day incidence of acute cardiovascular events, which is ultimately used
to determine the excess burden of these events attributable to LRTI in general practice.

16
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In the general discussion (Chapter 9), | will reflect on the overarching implications of
this thesis in the context of the consultation room, discuss opportunities and challenges
of implementing prediction models in clinical practice, and consider potential directions
for interventions aimed at mitigating LRTI-related cardiovascular risk in light of emerging
societal issues including ‘diagnosis-expansion; continuously increasing healthcare expen-
ditures, and limited healthcare resources.
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Objective To identify and synthesize relevant existing prognostic factors (PF) and
prediction models (PM) for hospitalisation and all-cause mortality within 90 days
in primary care patients with acute lower respiratory tract infections (LRTI).

Design Systematic review.

Methods Systematic searches of MEDLINE, Embase, and the Cochrane Library were
performed. All PF and PM studies on risk of hospitalisation or all-cause mortality
within 90 days in adult primary care LRTI patients were included. Risk of bias was
assessed using the QUIPS and PROBAST tools for PF and PM studies, respectively.
Results of included PF and PM studies were descriptively summarised.

Results Of 2,799 unique records identified, 16 were included: nine PF studies,
six PM studies, and one combination of both. Risk of bias was judged high for
all studies, mainly due to limitations in the analysis domain. Based on reported
multivariable associations in PF studies, increasing age, sex, current smoking,
diabetes, a history of stroke, cancer, or heart failure, previous hospitalisation, in-
fluenza vaccination (negative association), current use of systemic corticosteroids,
recent antibiotic use, respiratory rate >25/minute, and diagnosis of pneumonia
were identified as most promising candidate predictors. One newly developed
PM was externally validated (c-statistic 0.74, 95% confidence interval (Cl) 0.71 to
0.78) whereas the previously hospital-derived CRB-65 was externally validated in
primary care in five studies (c-statistic ranging from 0.72 (95% Cl 0.63 to 0.81) to
0.79 (95% Cl 0.65 to 0.92)). None of the PM studies reported measures of model
calibration.

Conclusions Implementation of existing models for individualised risk prediction
of 90-day hospitalisation or mortality in primary care LRTI patients in everyday
practice is hampered by incomplete assessment of model performance. The iden-
tified candidate predictors provide useful information for clinicians and warrant
consideration when developing or updating PMs using state-of-the-art develop-
ment and validation techniques.
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INTRODUCTION

Acute lower respiratory tract infections (LRTI) are common in primary care."” Uncom-
plicated LRTI episodes generally have a favourable natural course in otherwise healthy
adults, and antibiotic treatment with amoxicillin confers only little benefit in terms of ear-
lier symptom resolution, both overall and in higher-risk subgroups of patients.’”® The clini-
cal spectrum of LRTI patients, however, is heterogenous in terms of patient and disease
specific characteristics, and thus the risk of hospitalisation and death varies substantially.
For example, observational evidence suggests that adverse outcomes such as hospitalisa-
tion and death occur in fewer than 1% of patients with uncomplicated LRTI®, whereas this
risk is far more pronounced among those with community-acquired pneumonia (CAP).%’
However, diagnosing CAP in a primary care setting is notoriously challenging®’, leaving
general practitioners (GP) with uncertainties how to identify higher-risk groups among
those presenting with LRTI symptoms.

Nevertheless, identification of LRTI patients at highest risk of complications is pivotal
as this might help GPs identify those in whom close follow-up or early (antibiotic) treat-
ment is warranted. Currently, several scores exist to assist physicians in estimating risk of
adverse outcomes in LRTI patients, such as the Pneumonia Severity Index (PSI) and CURB-
65 (a prediction rule including confusion, blood urea nitrogen, respiratory rate, blood
pressure, and age =65 years).'”"' However, these prediction rules have been developed
in secondary care and the inclusion of laboratory and/or radiographic features hampers
applicability to outpatients. A modified version of the CURB-65 (CRB-65, not including
blood urea nitrogen) has been proposed as primary care alternative, but its development
in hospitalised patients raises uncertainty about its performance in outpatients.'” An
overview of existing primary care-specific prognostic factors (PF) and prediction models
(PM) for adverse outcomes in LRTI patients could provide insight on (i) existing PFs or PMs
suitable for use in clinical practice and (ii) relevant PFs to include when developing a new
or updating an existing model. We therefore aimed to synthesize existing knowledge on
PFs and PMs for hospitalisation and mortality within 90 days in adult patients presenting
to primary care with LRTI.

METHODS

The protocol for this review was registered in PROSPERO (CRD42022341233) and the re-
view was reported according to the PRISMA reporting guideline for systematic reviews."

Searches and study selection

The electronic databases of MEDLINE, Embase, and the Cochrane Library were searched
on 27 June 2022 for eligible studies. Keywords for ‘respiratory tract infection; ‘hospitalisa-

25

N
-
v
=
(="
<
=
o




Chapter 2

tion; ‘death; ‘adults’ and ‘primary care’ were combined with a validated search string to
identify relevant prognostic studies (Table S1).” Eligibility criteria were based on PICOTS
guidance; we included all studies on adults with LRTI (patients) in which prognostic
factors or prediction models (index) for 90-day hospitalisation or all-cause mortality
(outcome) were assessed on the day of diagnosis (timing) in primary care (setting).'*"

Non-English articles or those without full-text availability were excluded.

After de-duplication, two review authors (MHR, TMCB) independently reviewed titles/
abstracts of unique records retrieved from the electronic databases against the eligibil-
ity criteria. Next, the same authors independently reviewed the full text of potentially
relevant articles for eligibility. Any disagreements were resolved by discussion and, where
necessary, by consulting a third reviewer (TNP). To increase the yield of potentially eli-
gible articles, reference lists of the included articles were reviewed for eligibility. Studies
assessing the prognostic value of PFs, developing a new PM, or externally validating a
previously developed PM were eligible for inclusion.

Data collection

Data from eligible PF and PM studies were extracted by MHR using standardised forms
based on the Checklist for Critical Appraisal and Data Extraction for Systematic Reviews
of PF studies (CHARMS-PF) and PM studies (CHARMS), respectively.'*'® Main outcomes
of interest were hospitalisation or death within 90 days after initial LRTI consultation.
For PF studies we extracted odds ratios, hazard ratios, or risk ratios with accompanying
95% confidence intervals (Cl) from both univariable and multivariable analyses. For
those studies that did not report such estimates, these associations were calculated from
crude data using Rothman’s Episheet version 15 November 2021 wherever possible. For
PM studies, model performance estimates in terms of discrimination (c-statistic with ac-
companying 95% Cl) and calibration (intercept and slope) were extracted. If calibration
measures were absent, the total observed over expected (O/E) ratio with accompany-
ing 95% Cl of patients with the outcome was calculated wherever possible as a proxy
of overall model calibration.” To this end, we used data on the distribution of subjects
and outcomes across different PM risk strata and the corresponding predicted risks of
the strata as reported in the original model development study. These calculations were
performed in R version 4.2.2 using the metamisc package.

Other data extraction items included study population, candidate predictors, sample size,
(handling of) missing data, analysis (modelling method and/or model development and
validation method), and interpretation of results. Where needed, corresponding authors
of individual studies were contacted to request additional data.
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Assessment of risk of bias and applicability

Risk of bias assessment was performed by two authors (MHR, TNP) independently using
the Quality in Prognostic Studies tool (QUIPS, assessing study participation, study attri-
tion, PF measurement, outcome measurement, and statistical analysis) and the Prediction
Model Risk Of Bias Assessment Tool (PROBAST, covering the domains of participants,
predictors, outcome, and analysis) for PF and PM studies, respectively.""'®* We excluded
the ‘study confounding’ item from the QUIPS, since confounding is not applicable to
prognostic research. Applicability of included articles was assessed based on the PICOTS
criteria.

Synthesis methods

Due to substantial heterogeneity in domain, predictor, and outcome definition, combin-
ing PF effect estimates or PM performance measures in meta-analyses was considered
inappropriate and results were therefore descriptively summarised, stratified according
to diagnosis (i.e. LRTI versus pneumonia). Forest plots were created to visually summarise
(i) univariable and multivariable effect estimates of PFs, and (ii) discrimination and cali-
bration performance measures of PMs. PFs were categorised into either demographics,
patient history, healthcare use, medication use, signs and symptoms, laboratory tests, or
diagnosis. Promising candidate predictors were identified based on reported results of
multivariable analysis in PF studies. For each promising PF and PM, we applied the grad-
ing of recommendations, assessment, development, and evaluations (GRADE) framework
using prognostic research-specific guidance to rate the quality of evidence.'**°

Patient and public involvement

There was no patient or public involvement in this study.

RESULTS

Study selection

The search strategy yielded a total of 3,191 records. Removing duplicates left 2,799
unique records (Figure 1). After screening title and abstract, 34 studies remained for
full-text review. Of these, 19 were excluded (Figure 1). One additional publication was
retrieved from screening reference lists*', leaving 16 publications for inclusion: nine PF
studies®' ™, six PM studies®®**, and one combination of PM and PF*°.
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Identification

Screening

Included

Identification of studies via databases

\
Records identified from:

MEDLINE: n = 1592
Embase: n = 1392
Cochrane Library: n = 207

j Records removed before screening:

-
Records screened (title/abstract)

n=2799
L

'L Duplicates: n = 392

)

_\

/Records assessed for eligibility:
n = 34, specified:

Prognostics factor studies: n = 21
Prediction model studies: n = 12
\-Comb[nan‘on of both:n = 1

o

Records identified
through citation
searching:

n=1

(Studies eligible for inclusion:
Prognostic factor studies: n = 9
Prediction model studies: n = 6
Combination of both:n =1

v

Studies included in synthesis:
Prognostic factor studies: n = 10

Prediction model studies: n = 7
J

Figure 1. Flow of articles through study

:{ Records excluded: n = 2765

Records excluded: n = 19
Wrong domain: n = 6
Systematic or narrative review:* n
Overall prognosis studies: n = 4

=5

Not conducted in primary care:n = 3

Conference abstract: n = 1

* Systematic reviews have been screened for eligible primary studies.

Study characteristics

The PF studies were conducted between 1997-2021 of which most (7/10) used a retro-
spective cohort design (Table 1). The study population in terms of age (minimum age
ranging from 1-80 years) and LRTI definition (ranging from suspected LRTI to diagnosis
of CAP), as well as the hospitalisation rate (from 0.7% in LRTI patients to 76.5% CAP pa-
tients) varied substantially across studies. Mortality was used as outcome in four studies,
hospitalisation in three studies, and a composite of both in one study. Two studies also
included deterioration of existing illness and late-onset pneumonia in addition to hos-
pitalisation and mortality in their outcome

was unknown in one study®.
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The PM studies were conducted between 2000-2013 and the majority (4/7) used a pro-
spective cohort design. In total, nine different PMs could be included in the synthesis:
CRB, CRB-65, CURB, CURB-65, PSI, a model developed by Bont et al., RISSC85, CORB-75,
and a model developed by Moore et al. (Table 2). Four studies developed a new predic-

tion mode|30,32,35,36 31735’ Of

and five externally validated previously developed models
which the CRB-65 was validated in all five studies. Clinical heterogeneity was mostly
attributed to age (minimum age ranging from 16-65 years) and LRTI definition (ranging
from suspected LRTI to radiographically confirmed CAP). Hospitalisation rates varied
between 0.5% in LRTI patients and 86.9% in CAP patients. All PM studies used binary
outcomes. Mortality was used as outcome in three studies, hospitalisation in one study,
and a composite of both in one study. One study also included re-consultation with new
or worsened symptoms in addition to hospitalisation in their outcome®, while another

study included late-onset pneumonia in addition to hospitalisation and mortality.*®

Risk of bias assessment

Overall risk of bias was judged high for all studies (Figures S2 and S3). For PF studies, this
was mostly due to issues in the statistical analysis domains. For instance, five studies se-
lected predictors for multivariable analysis based on univariable associations®'*, and two
included multiple episodes per patient but did not perform recurrent event analysis.”>”’
Furthermore, in some studies an adequate definition of LRTI or PFs was lacking, and
methods to account for missing data were mostly judged inadequate or not described.

Similarly, risk of bias due to the issues in the analysis domain was judged high for all PM
studies. In all model development studies continuous predictors were dichotomised, and
handling of missing data was judged inadequate or not reported. None of the PM studies
reported any evaluation of model calibration.

Prognostic factors

Three PF studies did not report estimates of univariable associations of PFs, and these
could also not be calculated from the reported data.”*”*® The remaining PF studies re-
ported univariable analysis of 69 PFs, of which sex, age, and history of pulmonary disease
were analysed most frequently (Figure S4). If reported in the primary study, absolute
risks according to the presence and absence of individual PFs per study are presented in
Table S5.

Estimates of multivariable associations were reported for 74 PFs (Figure S6), of which
21 were analysed in at least two studies. The number of covariates per multivariable
analysis ranged from 3 to 29, and a common set of covariates across studies was lacking.
Age was analysed in five studies, and all found increasing age to be associated with
poor outcome.”?*¥?83¢ Apart from increasing age, PFs that were identified as promising
based on multiple multivariable analyses were sex (significant association in two/five
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studies), current smoking (three/four studies), diabetes (two/three studies), a history
of stroke (two/three studies), cancer (three/three studies), or heart failure (two/two
studies), hospitalisation in the previous year (two/two studies), current use of systemic
corticosteroids (two/three studies), antibiotic use in the previous month (two/three
studies), a respiratory rate =25/minute (two/two studies), and diagnosis of pneumonia
(two/two studies) (Figure 2). Having received an influenza vaccination in the previous year
was the only promising candidate predictor estimated to have a negative association,
based on a significant multivariable association in two/three studies. The quality of
evidence was judged low for age, hospitalisation in the previous year, and diagnosis of
pneumonia and very low for the remaining promising PFs (Table S7).

Prediction models

Several PMs included predictors that were also identified as promising candidate pre-
dictors based on PF studies (Table S8). Sex, current smoking, and influenza vaccination
were the only promising candidate predictors that were not incorporated in any of the
PMs. Predictors that were not identified as promising PFs but were incorporated in PMs
include history of lung, renal or liver disease, extent to which complaints interfere with
daily activities, sputum or coryza, chest pain, confusion, presence of crackles, heart rate,
blood pressure, oxygen saturation, body temperature, blood urea nitrogen, and an over-
all GP severity assessment score.

Four studies developed a new PM (three for use in LRTI and one for CAP patients), in
which the number of events per predictor ranged from 3.3-13.7.3°**3¢ C-statistics ranged
from 0.63 (95% Cl 0.61-0.67) to 0.82 (95% Cl 0.75-0.88) after (internal or external) model
validation (Figure 3). One study performed external validation®, whereas other studies
only conducted internal(-external) validation.***®* None reported measures of model
calibration, while a total O/E ratio could not be calculated for any model.
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© LRTipatients  © Pneumonia patients |

Demographics Multivariable effect estimate (95% C1)
0 1 2 3 4 5 6 ¥ 8
Prognostic factor Definition Outcome Effectmeasure  Qualityof evidence
age Low
Hak, 2005 Peryearincrease HeMe* (300) or o
Winchester, 2009 2039y (vs.1-19y) H(s0d) HR o—
40-5% (v5.1-19y) H(50d) HR —o—i
60-79y (vs.1-1%y) H(50d) HR —o—i
280y (v5.1-19y) H (s0d) HR ————i
20-39y (vs.1-1%y) M (90d) HR
40-5% (vs.1-19y) M (90d) HR 267 (38-186.8) >
60-79y (vs.1-1%y) M (90d) HR 133 (19-947) >
280y (v5.1-19) M (90d) HR 842 (129-5975)
Millett, 2015 70-74y (v5.65-69) Hi289) o8 o
75-79y (vs.65-69y) H(289) o8 o
80-84y (vs.65-65y) H(289) or o
8589y (vs.65-65y) H(28d) oR o
250y (vs.65-65y) H(28d) or o4
Moore, 2019 265 years oM (280) AR —o—
Hamilton, 2021 peryearincrease M (28d) HR o
sex verylow
Hak, 2005 wale Hame® (30d) or
Winchester, 2009 Female H(50d) HR o4
Female M (90d) HR 01
Moore, 2013 wvale Hane"* (289) AR —o—i
Hamilton, 2021 Female M (280) HR o

Patient history

o 1 2 3 a 5 6 7 8
smokingstatus Verylow
Winchester, 2009 current H (50d) HR roh
Current ™ (30d) HR —o—
Millet, 2015 Current(vs.non) H (28) or —0—i
Former (vs. non) H(28d) or o~
Moore, 2019 Eversmoked Hemes+ (28d) AR o—i
Hamilton, 2021 Former (vs. non) ™ (28d) HR 1o
Current (vs.non) M (28) HR -
Diabetes melitus Verylow
Van de Nadort, 2009 Typelor2 HeM (280) oR e ey
Millett, 2015 Nocomplications H(28d) oR o1
Withcomplications H(28d) o
Hamilton, 2021 ™ (289) or ey
Verylow
Hak, 2005 Dementia/stroke. HeM+* (30d) orR
Millett, 2015 Cerebrovasculsrdisease  H (28d) or o
Hamilton, 2021 Ischaemicstroke ™ (28d) HR e
Cancer Verylow
Houston, 1997 Currentdiagnosis M (30d) o
Millett, 2015 Solid, non-metastatic H(28d) oR o1
Solid, metastatic H(280) oR ——
Leukaemia/ymphoma H(28d) OR —0—
Hamilton, 2021 lid M (28d) HR —0—
Haematological ™ (28d) HR —o—i
Verylow
Hems* (300) o
H(28d) or o1
Healthcare use
0 1 2 3 4 5 6 7 8
‘Previous hospialization Low
Winchester, 2009 <yesr (s0d) " o
<1year ™ (90d) HR O
2009 N ) HeM (280) or ————i
22 inpreviousyear(vs.0) HeM (269) or
Medication use
o 1 2 3 4 5 6 7 8
Steroidsorimmunosugoressants Verylow
Vande Nadort, 2005 Onalglucocorticoids  HeM (286 or
Millett, 2015 Corticosteroids H(28d) OR HOH
Immunosuppressants H(28d) OR 00—
Hamilton, 2021 Corticosteroids M (28d) HR o
nfluenzs vaccination Verylow
Winchester, 2009 <Ayear (309) HR ot
< year M (s0d) HR 01
Millett, 2015 <1year H(28d) OR o
Moore, 2019 Notime window HeMs** (280) R o
Recentantibioticuse Verylow
Vande Nadort, 2009 <t month oM (289) or —o——————
Winchester, 2009 <7 days H(90d) HR L ey |
7 days M (50d) HR iy
Millett, 2015 <7 days. H(28d) OR 01
Signs and symptoms
0 1 2 3 4 5 6 7 8
Respiratoryrate Verylow
Seppa, 2001 225/min M (30d) R
Moore, 2019 225/min HeM (280)* R —0—
Diagnosis
0 1 2 3 4 5 6 7 8
Pneumonts Low
Hak, 2005 - H#M+* (30d) OR
Vande Nadort, 2009 vs. acute bronchitis. HM (280) OR

Figure 2. Overview of most promising candidate predictors for hospitalisation or mortality within
90 days based on multivariable analysis

Blue coloured points: studies on LRTI patients. Orange coloured points: studies on patients with
pneumonia. Quality of evidence: as judged based on the Grading of Recommendations, Assessment,
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Development and Evaluations framework. *Composite outcome also includes dysregulation of
diabetes, stroke, heart failure, myocardial infarction. **Composite outcome also includes late-onset
pneumonia. CAP , community-acquired pneumonia; H, hospitalisation; LRTI, lower respiratory tract
infection; M, mortality; min, minute; RR, risk ratio.

All five PM validation studies externally validated the CRB-65.>' C-statistics for 30-day
mortality in CAP patients (range outcome events: 11 to 80) ranged from 0.72 (95% Cl 0.66-
0.78) to 0.79 (95% Cl 0.65-0.92)*'**** (Figure 3). The c-statistic for 28-day re-consultation
or hospitalisation in LRTI patients was substantially lower: 0.53 (95% Cl 0.51-0.56).(35)
None reported measures of model calibration. A total O/E ratio could be calculated for
the CRB-65 in four studies, ranging from 0.67 (95% Cl 0.26-1.08) to 1.42 (95% Cl 1.13-1.71).

Other validated PMs were PSI, CURB-65, CURB, and CRB. C-statistics for 28-day re-consul-
tation or hospitalisation in LRTI patients ranged from 0.51 (95% Cl 0.50-0.54) to 0.53 (95%
C1 0.50-0.55).* Calibration measures were not reported and total O/E ratios could not be
calculated. C-statistics of PSI and CURB-65 for 30-day mortality in CAP patients were 0.73
(95% Cl10.67-0.79) and 0.67 (95% Cl 0.61-0.74), respectively.*> Model calibration measures
were not reported, while the total O/E ratios were estimated at 1.46 (95% Cl 1.16-1.76)
and 1.92 (95% Cl 1.53-2.32), respectively. The quality of evidence was judged low for CRB-
65 and very low for all other PMs included in this systematic review (Table S9).

DISCUSSION

Summary of main findings

This systematic review summarised evidence on PFs and PMs for hospitalisation and
mortality within 90 days in patients presenting to primary care with LRTI. The risk of bias
of included studies was judged high, mainly due to issues in the analysis domains. Of
all PFs analysed, thirteen were identified as most promising; increasing age, sex, current
smoking, diabetes, a history of stroke, cancer, or heart failure, hospitalisation in the previ-
ous year, current use of systemic corticosteroids, antibiotic use in the previous month,
a respiratory rate >25/minute, and diagnosis of pneumonia were associated with poor
outcome whereas seasonal influenza vaccination was estimated to have a negative asso-
ciation. Most of these promising candidate predictors have also been incorporated in the
identified PMs. The secondary care-derived CRB-65, predicting mortality in CAP patients,
and a newly developed PM by Bont et al.*® predicting hospitalisation and mortality in
elderly LRTI patients both showed promising results after external validation. However,
none assessed model calibration, leaving the precision of predicted risks unknown.
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Comparison with existing literature

During the coronavirus disease 2019 (COVID-19) pandemic, many studies have focused
on PFs associated with poor outcomes in COVID-19 patients, and some were similar to
those identified in our review of all-cause LRTI patients. A recent, field-wide systematic
review and meta-analysis of PFs for adverse outcomes in COVID-19 patients found cancer,
insulin use, and smoking - among other factors - to be associated with mortality, and
age with both hospitalisation and mortality.” Another community-based systematic
review of European COVID-19 patients found male sex, heart failure, and diabetes to be
associated with hospitalisation, whereas stroke, heart failure, and neurologic disease
were associated with increased mortality risk.*® Although we did not identify studies that
assessed the prognostic value of specific viral respiratory pathogens such as SARS-CoV-2,
respiratory syncytial virus and influenza, it is likely that the specific pathogen is a relevant
prognostic factor, and point-of-care tests for respiratory pathogens are increasingly
available in the post-pandemic era. The potential usefulness of such point-of-care tests
is supported by evidence of patients with a viral LRTI admitted to the emergency room
in whom specific viral pathogens were associated with increased risk of hospitalisation.”

Some of the identified PMs have been incorporated in LRTI guidelines — mainly those fo-
cusing on CAP - as additional tool to aid patient management decisions. The CAP guide-
line issued by the American Thoracic Society (ATS) and the Infectious Diseases Society
of America (IDSA) supports the use of PSI or CURB-65 - in addition to clinical judgement
- to determine the appropriate level of care, i.e. inpatient versus outpatient manage-
ment.***" Although this guideline applies to all levels of health care, the value of the
suggested models for GPs is limited since models’ laboratory and radiographic features
are not routinely available in primary care. The UK National Institute for Health and Care
Excellence (NICE) guideline on pneumonia advocates the use of CRB-65; it recommends
GPs to consider hospital admission in patients with a score of >1.* Guidelines vary with
regard to the incorporation of individual factors that are associated with poor outcome.
The ATS/IDSA guideline and the Dutch primary care guideline both list tachypnoea and
confusion as indicators of disease severity, while the Dutch guideline also emphasised
the importance of PFs such as age, history of heart failure, and diabetes.*** The NICE
guideline does not explicitly highlight individual factors associated with poor outcome
in adult patients.”

Similar to our findings, a review of the performance of CRB-65 for predicting 30-day mor-
tality among CAP patients in community and hospital settings concluded that this model
has been insufficiently validated for use in primary care.* Although the population of this
review slightly differed from ours by also including patients who visited the emergency
department, a similarly low number of outcome events was found. Contrary to the slight
overprediction reported in this review, our synthesis of more recent studies suggested
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underprediction of risks based on total O/E ratios. However, in absence of proper assess-
ment of model calibration the true precision of predicted risks remains to be elucidated.

Strengths and limitations

By covering both PFs and PMs in a single review, we have provided a comprehensive over-
view of available prognostic literature of primary care LRTI patients. We prospectively reg-
istered our review protocol, conducted a broad search with incorporation of a validated
prognostic search string, and thoroughly reviewed citations of eligible studies to assure
all relevant literature was included in the synthesis. By including various prognostic study
designs, our synthesis provides a comprehensive overview of all prognostic evidence on
primary care LRTI patients. Studies assessing the prognostic value of individual factors,
developing a new or validating an existing model all provide insight on important PFs
that could be used in future prognostic research, whereas studies validating a new or
previously developed model such as CRB-65 provide insight on the suitability for its use
in clinical practice.

Some limitations should, however, be acknowledged. First, our findings should be
interpreted with caution since risk of bias was judged high for all included studies and
the quality of the evidence was judged low to very low for the promising PFs and PMs.
Second, due to substantial heterogeneity in domain, predictor, and outcome definitions
between studies, we refrained from conducting meta-analyses of PF effect estimates or
PM performance measures, which makes direct comparison of study results difficult. It
is plausible that PF effect estimates for poor outcome vary according to age, diagnosis,
and disease severity (a priori risk of event). For example, half of the participants in Hak et
al.” had either pneumonia or an exacerbation of chronic obstructive pulmonary disease,
whereas Moore et al.*®
cluded patients aged >1 year (median age of included participants: 54 years (interquartile
range: 37)) but did not specifically report separate results for age strata.”* Given the me-
dian age, we considered including this study on prognostic factors in our review justified.
Consistency in effect estimates would have further facilitated direct comparison of PFs,
but converting the various reported estimates to odds ratios appeared not possible. Al-
beit our synthesis of PFs provides some useful information for clinicians, it merely informs
future research aimed at developing or updating PMs. Third, we excluded most studies
on patients with a specific respiratory pathogen (e.g. SARS-CoV-2 or influenza) since
these included patients with both upper and lower respiratory tract infections and did
not report stratified results for LRTI. As such, we were unable to present any respiratory
pathogen-specific results regarding prognostic factors for poor outcome in patients pre-
senting to primary care with LRTI. However, since GPs are typically unaware of the specific
pathogen in LRTI patients, such results would have limited applicability to current clinical
practice. Lastly, PM building techniques were generally suboptimal which increased risk
of bias, and none of the identified PM studies assessed model calibration. In contrast to

had fewer than 2% of such patients. Furthermore, one study in-
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discrimination, calibration generally receives little attention when assessing PM perfor-
mance, whereas well discriminating but poorly calibrated models can lead to imprecise,
misleading predictions.”” Total O/E ratios calculations provided some insight into mean
model calibration - the most basic level in the hierarchy of calibration assessment - but
this is insufficient to provide guidance on the safe use of a PM in clinical practice.*

Implications for research and clinical practice

Based on our synthesis, implementation of existing PMs for individualised risk prediction
of 90-day hospitalisation or all-cause mortality in primary care LRTI patients in everyday
practice is hampered by incomplete assessment of model performance. The identified
candidate predictors provide useful information for clinicians about factors associated
with poor outcome in primary care LRTI patients and warrant consideration when devel-
oping or updating PMs using state-of-the-art development and appropriate validation
techniques.
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Chapter 2

SUPPLEMENTARY MATERIALS FOR CHAPTER 2

Table S1: search strategy

Search date: 27 June 2022

Pubmed

Embase

The Cochrane Library

((((("RTI"[Title/Abstract] OR
“respiratory tract infection*”[Title/
Abstract] OR “respiratory
infection*"[Title/Abstract] OR
“pneumonia*[Title/Abstract] OR
“bronchitis”[Title/Abstract] OR
“lung infection*"[Title/Abstract]
OR“chest infection*”[Title/Ab-
stract]) OR (“Respiratory Tract
Infections”[Mesh])) AND (((Validat*
OR Predict*[Title] OR Rule*) OR
(Predict* AND (Outcome* OR
Risk* OR Model*)) OR ((History OR
Variable* OR Criteria OR Scor* OR
Characteristic* OR Finding* OR
Factor*) AND (Predict* OR Model*
OR Decision* OR Identif* OR Prog-
nos*)) OR (Decision* AND (Model*
OR Clinical* OR Logistic Models))
OR (Prognostic AND (History OR
Variable* OR Criteria OR Scor* OR
Characteristic*

OR Finding* OR Factor* OR Mod-
el*))) OR (“Stratification” OR “ROC
Curve”[Mesh] OR “Discrimination”
OR“Discriminate” OR “c-statistic”
OR “c statistic” OR “Area under the
curve” OR“AUC” OR “Calibration” OR
“Indices” OR “Algorithm” OR “Multi-
variable”))) AND ((“hospital*"[Title/
Abstract] OR “complicat*"[Title/
Abstract] OR “morbidity”[Title/
Abstract] OR “death”[Title/
Abstract] OR “mortality”[Title/
Abstract] OR “surviv*"[Title/
Abstract]) OR (“Mortality”[Mesh]
OR “Hospitalization”[Mesh] OR
“Death”[Mesh]))) AND ((“Pri-

mary care”[Title/Abstract] OR
“general practi*"[Title/Abstract]
OR “family practice”[Title/Ab-
stract] OR“GP"[Title/Abstract])

OR (“Primary Health Care”"[Mesh]
OR“Family Practice”[Mesh] OR
“General Practice”[Mesh]))) NOT
((“child*"[Title/Abstract] OR

((‘rti":ti,ab,kw OR ‘respira-

tory tract infection*":ti,ab,kw OR
‘respiratory infection*"ti,ab,kw
OR‘pneumonia*”ti,ab,kw OR
‘bronchitis’:ti,ab,kw OR‘lung
infection*":ti,ab,kw OR‘chest
infection*"ti,ab,kw) OR (‘respiratory
tract infection’/exp OR ‘respiratory
tract inflammation’/exp)) AND
((validat® OR predict*:ti OR rule*
OR (predict* AND (outcome* OR
risk* OR model*)) OR ((history OR
variable* OR criteria OR scor* OR
characteristic* OR finding* OR
factor*) AND (predict* OR model*
OR decision* OR identif* OR prog-
nos*)) OR (decision* AND (model*
OR clinical* OR logistic) AND mod-
els) OR (prognostic AND (history
OR variable* OR criteria OR scor*
OR characteristic* OR finding* OR
OR 'receiver operating
characteristic’/exp OR
‘discrimination’ OR ‘discriminate’
OR‘c-statistic’ OR ‘c statistic’ OR
‘area under the curve’ OR‘auc’
OR‘calibration’ OR ‘indices’ OR
‘algorithm’ OR ‘multivariable’))
AND (("hospital*"ti,ab,kw
OR‘complicat*"ti,ab,kw

OR ‘morbidityti,ab,kw
OR‘death’:ti,ab,kw OR
‘mortality:ti,ab,kw OR
‘surviv¥':ti,ab,kw) OR
(‘hospitalization’/exp OR 'hospital
admission’/exp OR ‘death’/

exp OR ‘mortality’/exp)) AND
((‘primary care”ti,ab,kw OR
‘general practi*”:ti,ab,kw OR
‘family practice’ti,ab,kw OR
‘gp':ti,ab,kw) OR (‘primary medical
care'/exp OR‘primary health
care’/exp OR‘general practice’/
exp)) NOT ((‘child*"ti,ab,kw OR
‘pediatric*ti,ab,kw

(RTI OR respiratory tract infec-

tion OR respiratory infection OR
pneumonia OR bronchitis OR lung
infection OR chest infection) AND
(hospitalisation OR hospitaliza-
tion OR hospital OR complication
OR complicated OR morbidity OR
death OR mortality OR survival

OR survive) AND (Primary care OR
general practice OR general practi-
tioner OR family practice OR GP) in
Title Abstract Keyword
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Table S1: Continued

Prognostic systematic review

Search date: 27 June 2022

Pubmed

Embase

The Cochrane Library

“pediatric*”[Title/Abstract] OR
“paediatric*"[Title/Abstract]
OR“infan*"[Title/Abstract] OR
“adolescen*"[Title/Abstract] OR
“young*"[Title/Abstract] OR
“newborn*"[Title/Abstract]) OR
(“Infant”[Mesh] OR“Child"[Mesh]
OR“Adolescent”[Mesh] OR
“Pediatrics"[Mesh] OR “Young
Adult”[Mesh]))

Filters: none
Language restrictions: none

Publication date restrictions: none

Records identified: 1592

OR‘paediatric*ti,ab,kw

OR ‘infan*':ti,ab,kw OR
‘adolescen*"ti,ab,kw OR
‘young*"ti,ab,kw OR
‘newborn*:ti,ab,kw) OR (‘child’/exp
OR‘adolescent’/exp OR ‘pediatrics’/
exp))

Filters: none
Language restrictions: none
Publication date restrictions: none

Records identified: 1392

N
-
]
b
="
(]
=
(%]

Filters: none
Language restrictions: none
Publication date restrictions: none

Records identified: 207
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QUIPS assessment of prognostic factor studies

Study RoB Applicability Overall
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Figure S3: Risk of bias assessment and applicability per individual included study
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A

LRTI

Prognostic factor

Age
Houston, 1997
Van de Nadort, 2009
Moore, 2019
Sex
Houston, 1997
Hak, 2005
Van de Nadort, 2009
Moore, 2019
Sick fund.
Hak, 2005
Living in deprived area
Moore, 2019
Nursing home resident
Houston, 1997

Demographics

Definition

Per year increase
290years
265 years

Male
Male
Male
Male

Outcome

™ (30d)
HoMe* (280)
HeMe** (280)

M (30d)
HeM+* (30d)
Mt (28d)
HeMe** (28]
HeM=* (30d)

HiMs** (284)

M (30d)

Comorbidities and patient history

Pulmonary disease

Houston, 1997

Hak, 2005

Van de Nadort, 2009

Moore, 2019
Diabetes mellitus

Houston, 1997

Hak, 2005

Van de Nadort, 2009
‘smoking status

Houston, 1997

Moore, 2019
Myocardial infarction

Hak, 2005

Van de Nadort, 2009
Heart failure

Hak, 2005

Van de Nadort, 2009
Neurologic disease.

Houston, 1997

Van de Nadort, 2009
Dementia

Hak, 2005

Van de Nadort, 2009
Stroke

Hak, 2005

Van de Nadort, 2009
Cancer

Houston, 1997

Van de Nadort, 2009
Presence of comorbidities

Van de Nadort, 2009

Moore, 2019
Peripheral artery disease

Hak, 2005
Renal disease

Van de Nadort, 2009
Liver

Van de Nadort, 2009
Cardiac disease

Houston, 1997
Angina pectoris

Van de Nadort, 2009
Hip fracture

Houston, 1997
Renal failure

Houston, 1997

Previous hospitalisation
Houston, 1997
Hak, 2005
Van de Nadort, 2009

GP consultations

Van de Nadort, 2009

COPD or oxygen use
Not specified

M (30d)
HiMs* (30d)

COPD/emphysema/asthma HsM+** (284)

Asthma, COPD, resp. hosp.

Typelor2

Former or current

Ever smoked

Dementia/stroke
Dementia/stroke

Current diagnosis
Ever registered

No comorbidity
Any comorbidity

<2 years

Healthcare use

Previous 2 years
<t year
<1 year, 1 (vs. 0)

<1year,22 (v.0)

For pneumonia, <1 year

HiMs** (280)
M (30d)
HiMs* (30d)

HeMa** (28d)

M (30d)
HiM** (280)

HiMs* (30d)
HeM#* (28d)

HeMe* (30d)
M (28d)

M (30d)
HiM** (286)

HM+* (30d)
HeM** (28d)

HeM+* (30d)
M (280)

M (30d)
HiMs** (28d)

HeMe** (28d)
HeMa+* (28d)

HeMe* (30d)

HeM** (28d)

HeMa** (28d)

M (30d)

HeM* (28d)

M (30d)

M (30d)

M (30d)

H+M+* (30d)
HeMe* (28d)
HoM+* (280)

HeM+** (28d)

Effect measure

oR
oRr

or
oR
or

oR

oR

OR
[
OoR

oR

OR

oR

OR

OR

OR

oR
oR

oR
oR

oR

oR

oR

OR
or

OR

oR

oR

oR

OR

oR

OR

OR

oR
oR
oR

OR

Univariable effect estimate with 95% confidence interval

2 3 4 5 6 7 8 10
i
——
—
—_—————
—o——
—o—i
Ho—
2 3 4 5 6 7 8 10
]
———————
—o—i
—o—
—_———————
—0—
—o—
—0—
———
H——
—
——
———1
———
—0—i
—_———
——
2 3 4 5 6 7 8 10
—_——
—_——
—_————

Figure S4: figure of all PF effect estimates based on univariable analysis
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B Demographics Univariable effect estimate with 95% confidence interval
cAP
0 1 2 3 4 5 6 7 8 9 10
Prognostic factor Definition Outcome  Effect measure
Age
Sepps, 2001 M(30d) Mann-Whitneytest  p=0.003
sex
" sepps, 2001 Male M (300) R —0——i
Comorbidities and patient history
0 1 2 3 4 5 6 7 8 9 10 (g}
— )
Hamilton, 2021 M (28d) HR —_——— da‘
1]
Signs and symptoms o 1 2 3 4 s & 1 s s 1w S
‘Abnormal chest auscultation U
Seppé, 2001 Crackles. M (30d) RR i I
Blood pressure
Seppd, 2001 sep M(30d) Mann-Whitheytest  p>0.2
DpBP M (30d) Mann-Whitney test p>0.2
Dyspnoes at rest
Sepps, 2001 M (30d) RR — e
Acute confusion
Sepps, 2001 M (30d) RR et
Body temperature
Seppé, 2001 M (30d) Mann-Whitney test P02
Respiratory rate
Seppé, 2001 M(30d) Mann-Whitneytest 0,002
Heart rate
Seppi, 2001 M (30d) Mann-Whitney test p>0.2
Cough
Seppi, 2001 M (30d) RR ———
Pleuritic pain
Seppé, 2001 M (30d) RR ——
Acute aggravation of general condition
Seppd, 2001 M (30d) RR
Acute aggravation of coexisting illness
Seppd, 2001 Seed M (30d) RR -_—
Duration of symptoms
Seppé, 2001 M (30d) Mann-Whitney test P02
Laboratory tests 9 4 4 3 4 5 6 7 8 o 0
Hemoglobin
Seppé, 2001 gldL M(30d) Mann-Whitneytest  p=0.08
Platelets
‘Seppé, 2001 X1073/uL M(30d) Mann-Whitney test p50.2
Leukoeytes
Seppi, 2001 X1043/ul M(30d) Mann-Whitneytest  p=0.001
Enytrocyte sedimentation rate
Seppd, 2001 mm/h M (30d) Mann-Whitney test =004
@
 Sepps, 2001 mg/L M(30d) Mann-Whitneytest  p<0.001
0 1 2 3 4 5 6 7 8 9 10
Other
Lung ultrasound findings
i ), 2021 Diffuse il H (no time window) OR 13.8(1.8-106.2) >
Hi{no ) OR 58.0(2.6-1314) >
H{(no OR
Focal interstitial pattern H [no time window) ~ OR

Figure S4: Continued

A. Univariable analyses of prognostic factors from studies on LRTI patients. B. Univariable analysis of
prognostic factors from studies on pneumonia patients.

* Composite outcome also includes dysregulation of diabetes, stroke, heart failure, M.

** Composite outcome also includes late onset pneumonia.

a: rigor, hemoptysis, pleuritic pain.

b: chills, cough, congestion, fever, dyspnea, sputum production.

c: poor eating, confusion, lethargy.

d: impairment of glucose balance in diabetic patients, deterioration of congestive heart failure.

Abbreviations: LRTI, lower respiratory tract infection; H, hospitalisation; M, mortality; OR, odds ratio;
RR, risk ratio; HR, hazard ratio; COPD, chronic obstructive pulmonary disease; GP, general practitioner;
ICS, inhalation corticosteroids; ACE, angiotensin converting enzyme; SBP, systolic blood pressure;
DBP, diastolic blood pressure; min, minute; g, gram; dL, deciliter; uL, microliter; mm, millimeter;
h, hour; L, liter.
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Age
Hak, 2005
Winchester, 2009

Moore, 2019
Sex
Hak, 2005
Winchester, 2009

Moore, 2019
Living arrangements
Winchester, 2009

Living in deprived area
Moore, 2019

‘Smoking status
Winchester, 2009

Moore, 2019
Alcohol use
‘Winchester, 2009

Pulmonary disease
‘Winchester, 2009

Moore, 2019
Heart failure

Hak, 2005
Cancer

Houston, 1997
Diabetes mellitus

Van de Nadort, 2009
stroke

Hak, 2005
BMI

Winchester, 2009

Aller,
& SSgic rhinitis

Winchester, 2009

Neurologic disease
Houston, 1997

Dementia
Hak, 2005

Charlson Comorbidity Index
Winchester, 2009

Any comorbidity
Moore, 2019

Previous hospitalisation
‘Winchester, 2009

Van de Nadort, 2009

Number of GP. itatior
‘Winchester, 2009

Demographics

Definition

Per year increase
2039y (vs. 1-19y)
40-59y (vs. 1-19y)
60-79y (vs. 1-19y)
280y (vs. 1-19y)
20-39y (vs. 1-19y)
40-59y (vs. 1-19y)
60-79y (vs. 1-19y)
280y (vs. 1-19y)
265 year

Male
Female
Female
Male

with partner (vs. alone)
with partner (vs. alone)

Current
Current
Ever smoked

Consumption
Consumption

Asthma
Asthma
Asthma, COPD, (+H)

Current diagnosis
Type 10r2
Incl. dementia

<20 (vs. 20-24.9)
2529.9 (vs. 20-24.9)
230 (vs. 20-24.9)
<20 (vs. 2024.9)
25-29.9 (v5. 20-24.9)
230 (vs. 20-24.9)

Not specified
Incl. stroke

1(vs.0)
210 (v5.0)
1{vs.0)

210 (v5.0)

Healthcare use

<Lyear
<1year

<year,1

<1 year, 2 or more

<1year, 3-10 (vs. 0-2)

<1year, >10 (vs. 0-2)

<1year, 3-10 (vs. 0-2)

<1 year, >10 (vs. 0-2)

Outcome  Effect measure

HeM#® (30d)  OR

H (90d) HR
H (90d) HR
H (90d) HR
H (90d) HR
M (90d) HR
™ (90d) HR
™ (90d) HR
M (90d) HR

HeM4te (28d) R

HeM+® (304 OR
H (90d) HR
M (90d) HR
HeMet* (284) R

H (90d) HR
™ (90d) HR

HeM+** (28d) R

Comorbidities and patient history

H (90d) HR
M (90d) HR
HeMatY (28d)  RR

H (90d) HR
M (90d) HR
H (90d) HR
M (90d) HR

HeM+** (28d) R

HsMe*(30d)  OR

M (30d) or

HeM4** (28d)  OR

HiMe* (306)  OR

H (90d) HR
H (90d) HR
H (90d) hx
M (90d) HR
M (90d) HR
M (90d) HR
H (90d)
M (90d)
M (30d) oRr

HiMe*(30d)  OR
H (90d) HR
H (90d) HR
H (90d) HR
H (90d) HR

HeMs**(28d)  RR

M (90d) HR
HeMa**(28d)  OR
HeMat*(28d)  OR

H (90d) HR
H (90d) HR
™ (90d) HR
M (90d) HR

Multivariable effect estimate with 95% confidence interval

1 2 3 7 8
o
—o—i
—o—
—o0—
——
o>
26.7(3.8-186.8) >
133 (19-197) >
842 (119-5975) >
—0—i
o
—o—i
O
o4
—Ho—i
1 2 3 7 8
O
—o—i
—o—i
—o—
o+
—o—
O
—o—
—_——
—0—
o—
o
—H-o——i
o—
o
—o——
—o—1
—o—i
—
—o—
——
—o0—i
1 2 3 7 8
—0—

Figure S6: figure of all PF effect estimates based on multivariable effect estimates
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Influenza vaccination
Winchester, 2009

Moore, 2019
Pneumococeal vaceination
Winchester, 2009

Moore, 2019
Steroids or immunosuppressants
Van de Nadort, 2009
IS use
Winchester, 2009

Moore, 2019
Antibiotic use
Houston, 1997
Van de Nadort, 2009
Statin use
Myles, 2009
Antidepressants
Hak, 2005
ACE inhibitors
Myles, 2009
Protonpomp inhibitors
Myles, 2009
H2 receptor antagonists
Myles, 2009

Abnormal chest auscultation
Maore, 2019

Respiratory rate
Moore, 2019
Blood pressure
Moore, 2019
Sputum
Moore, 2019

Dyspnoea at rest

Moore, 2019
Confusion

Moore, 2019
Fever

Moore, 2019
Chills

Moore, 2019
Chest pain

Moore, 2019
No coryza

Moore, 2019
Headache

Moore, 2019
Severity assessment by GP
Moore, 2019
Body temperature
Moore, 2019
Heart rate
Moore, 2019
Oxygen saturation
Moore, 2019

Pneumonia
Hak, 2005
Van de Nadort, 2009
Exacerbation COPD
Van de Nadort, 2009

Antibiotic treatment
‘Winchester, 2009

Season of index date
‘Winchester, 2009

Medication use

<1year H (90d)
<Lyear H (90d)
No time window stated  H+M+** (28d)

<10 years H (90d)
<10years H (90d)
<10 years HeM#* (28d)

Oral glucocorticoids  HsM#** (28d)
<Lyear H (90d)
<Lyear M (90d)
Incl. bronchodilators  HeM+** (28d)

Recent or current M (30d)
<t month HeMes* (28d)
Current use M (30d)
Incl, benzodiazepines  H#M+* (30d]
Current use M (30d)
Current use M (30d)
Current use M (30d)

Signs and symptoms

Crackles HeMa** (28d)
Bronchial breathing  H+M+** (28d)
Wheezing HiMe* (28d)
225/min HeM+** (28d)

SBP<900rDBP<60  H+M+** (28d)

Purulent HeMe* (28)
Bloody or rusty HeM#** (28d)

HeM+** (28d)
HaM+* (28d)
HeM** (28d)
HeM** (28d)
HaMs+* (28d)
HiMe** (28d)
HAMe** (28d)
M (28d)

HeMe* (28)

>5/10 HeMe** (28d)
>378°C HeME** (28d)
>100/min HeM+** (28d)
<95% HeM+** (28d)
Diagnosis

HiMs* (30d)
vs.acute bronchitis  H+M+** (28d)

vs. acute bronchitis. HeM+#* (28d)

Treatment

on index date H (90d)
on index date M (90d)
Other

autumn (vs. summer) H (90d)
winter (vs. summer) H (90d)
spring (vs. summer) H (90d)
autumn (vs. summer) M (90d)
winter (vs. summer) M (90d)
spring (vs. summer] M (90d)

OR

oR

oR
oR

oR

HR
HR

HR
HR
HR
HR
HR
HR

Figure S6: Continued

58




Prognostic systematic review

B Demographics Multivariable effect estimate with 95% confidence interval
cap
Prognostic factor Definition Outcome  Effect measure
0 " 4 2 3 4 5 6 7 8
Age
Millett, 2015 70-74y (vs. 65-69y) H(28d) OR o
75-79y (vs. 65-69y) H(28d) oR o
80-84y (vs. 65-69y) H (28d) OR —o—i
85-89y (vs. 65-69y) H (28d) OR o ~
290y (vs. 65-69y) H (28d) OR O -
Hamilton, 2021 Per year increase M (28d) HR o w
Sex S
Hamilton, 2021 Female M (28d) HR o4 %
Living arrangements l-:
Millett, 2015 Alone H(28d) oR —o— (&)
Sheltered accomodation  H (28d) or —o—
Residential care H(28d) oR o]
Comorbidities and patient history o 1 ? 3 4 5 6 7 8
Smoking status
Millett, 2015 Current (vs. never) H(28d) OR —0—
Former (vs. never) H (28d) OR
Hamilton, 2021 Former (vs. never) M (28d) HR O
Current (vs. never) M (28d) HR —o—i
Alcohol use
Millett, 2015 Excessive use H (28d) OR O
Hamilton, 2021 Excessive use M (28d) HR —O0——
Cancer
Millett, 2015 Solid, non-metastatic H(28d) oR o
Solid, metastatic H (28d) OR —o—
Leukemia/lymphoma H (28d) OR —O0——
Hamilton, 2021 solid M (28d) HR —o—i
Haematological M (28d) HR —0—
Diabetes melltus
Millett, 2015 No compl H (28d) OR O+
Complications. H (28d) OR —0—
Hamilton, 2021 Typelor2 M (28d) HR O+
Stroke
Millett, 2015 Cerebrovascular disease  H {28d) OR o
Hamilton, 2021 Ischaemic stroke M (28d) HR HOH
Ischaemic heart disease
Millett, 2015 Pre MI H(28d) OR HOH
Post MI H (28d) OR gl
Hamilton, 2021 M (28d) HR 1ol
Peripheral vascular disease
Millett, 2015 H (28d) OR HOH
Hamilton, 2021 M (28d) HOH
Pulmonary disease
Millett, 2015 COPD, emphysema, asthma H (28d) OR —0——
Neurologic disease
Millett, 2015 H(28d) OR HOH
Dementia
Millett, 2015 H (28d) OR o
Terminal illness
Millett, 2015 H(28d) oR o
Heart failure
Millett, 2015 H(28d) oR o4
Renal disease
Millett, 2015 wild H{28d) OR —o—
Severe H (28d) OR o
Liver disease
Millett, 2015 Mild H (28d) OoR —_——
Severe H(28d) OR —_—
Millett, 2015 H (28d) OR o+
Immune mechanism disorders
Millett, 2015 H{28d) OR — e el)
Autoimmunity
Hamilton, 2021 M (28d) HR o1
Solid organ transplant
Hamilton, 2021 ™ (28d) HR —r—
Peptic ulcer
Millett, 2015 H (28d) 3 O+
Hemiplegia
Millett, 2015 H (28d) OR HOH
Depression
Millett, 2015 H(28d) or HH
Indicators of frailty
Millett, 2015 Recent carer H(28d) or \ sl
Self-care problems H{(28d) OR —o—i
Low weight/poor nutrition  H (28d) OR ol
Bedsore/ulcer H (28d) or L
Mobility issues H(28d) oRr hal
incontinence/catheter H(28d) oR Lol
Visual impairment H(28d) 3 o1
History of falling H{28d) or 101

Figure S6: Continued
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Medication use 0 1 2 3 4 5 6 7 8

Influenza vaccination

Millett, 2015 <1year H (28d) OR [}
Pneumococcal vaccination

Millett, 2015 <2 years H (28d) OR O
Steroids or immunosuppressants

Millett, 2015 Steroids, <90 days H (28d) OR HOH

Immunosuppressants, <120d H (28d) OR —0—1

Hamilton, 2021 Corticosteroids M (28d) HR O
1CS use

Millett, 2015 <60 days H(28d) oR O+
Statin use

Millett, 2015 <6 months H(28d) oR kel

Signs and symptoms

0 1 2 3 4 5 6 7 8
Respiratory rate
Seppd, 2001 225/min M (30d) RR
Tired
Millett, 2015 H (28d) OR O
Laboratory tests
0 1 2 3 4 5 6 7 8
Leukocytes
Hamilton, 2021 0-1x10%9 cells/L (vs.2-3) M (28d) HR o
1-2%10%9 cells/L{vs. 2-3) M (28d) HR o
>3x10°9 cells/L (vs.2-3) M (28d) HR —o—
CRP
Seppa, 2001 2100 mg/L. M (30d) RR
Figure S6: Continued

A. Multivariable analyses of prognostic factors from studies on LRTI patients. B. Multivariable analysis
of prognostic factors from studies on pneumonia patients.

* Composite outcome also includes dysregulation of diabetes, stroke, heart failure, MI.

** Composite outcome also includes late onset pneumonia.

Abbreviations: LRTI, lower respiratory tract infection; H, hospitalisation; M, mortality; OR, odds ratio;
RR, risk ratio; HR, hazard ratio; COPD, chronic obstructive pulmonary disease; BMI, body mass index;
MI, myocardial infarction; GP, general practitioner; ICS, inhalation corticosteroids; ACE, angiotensin
converting enzyme; SBP, systolic blood pressure; DBP, diastolic blood pressure; min, minute; L, liter;
mg, milligram.
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Table S7: Rating of the quality of evidence on promising prognostic factors based on the GRADE
framework

GRADE criteria
Prognostic Stu_dy R|s‘kof Inconsis- Indirectness Im;?reC|- Publl'catmn Upgrading Qu.ahtyof
factor design bias tency sion bias factors  evidence
Cohort N
Age (high -2 0 0 0 0 0 Low )
R
lit
quality) %
Cohort 6
Sex (high -2 0 -1 -1 0 0 Very low
quality)
Smokin Cohort
9 (high 2 q q q 0 0 Very low
status .
quality)
Cohort
Diabetes (high -2 0 -1 0 0 0 Very low
quality)
Cohort
Stroke (high -2 -1 -1 -1 0 0 Very low
quality)
Cohort
Cancer (high -2 0 -1 0 0 0 Very low
quality)
Cohort
Heart failure (high -2 0 -1 0 0 0 Very low
quality)
Previous hos- Cohort
T (high -2 0 0 0 0 0 Low
pitalisation !
quality)
Systemic cor- Cohort
¥ ) (high -2 0 -1 -1 0 0 Very low
ticosteroids ,
quality)
Influenza Cohort
S (high qual- -2 0 0 -1 0 0 Very low
vaccination .
ity)
Recent Cohort
S (high -2 0 0 -1 0 0 Very low
antibiotic use .
quality)
Respirator Cohort
PIratoy  (high 2 0 A 0 0 0 Very low
rate .
quality)
Diagnosis of Cohort
gnosis ¢ (high 2 0 0 0 0 0 Low
pneumonia .
quality)
Certainty of evidence
High Moderate Low Very low
4 3 2 1

Application of the GRADE framework to rate the quality of evidence was based on prognostic
research-specific guidance (Foroutan et al., 2020).
Abbreviations: GRADE, grading of recommendations, assessment, development, and evaluations
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Table S8: Overview of prediction models included in the synthesis

Prediction model Predictors included in model Predictor weight

Bont, 2007 (new) - Diagnosis (either acute bronchitis, COPD exacerbation, or 0,2,0or4
pneumonia)
- Age =80 years
- Congestive heart failure
- Diabetes
- Oral glucocorticoid use
- Hospitalisations in previous year (0, 1, or >2)
- Antibiotic use in previous month

,2,0r3

N O WN =N

CRB(-65) - Confusion
- Respiratory rate 230/minute
- Blood pressure (SBP <90mmHg or DBP <60mmHg)
(- Age =65 years)

_ a a .

CURB(-65) - Predictors of CRB(-65) 0-4
- Blood urea nitrogen >7 mmol/L 1

PSI (stage 1) - Age >50 years Any versus none
- Altered mental status
- Pulse >125/minute
- Respiratory rate >30/minute
- SBP <90mmHg
- Temperature <35°C or >40°C
- Neoplastic disease
- Congestive heart failure
- Cerebrovascular disease
- Renal disease
- Liver disease

CORB-75 (new) - Confusion
- Peripheral oxygen saturation <90%
- Respiratory rate =>30/minute
- Blood pressure (SBP <90mmHg or DBP <60mmHg)
- Age =75 years

i S

RISSC85 (new) - Risk of poor outcome, grouped by country (A: Spain, B: Belgium, A=0,B/C=1
the Netherlands, Poland, UK, C: Germany)
- Interference in daily activities (some versus severe)
- Number of years stopped smoking (>45 years)
- Severe sputum
- Presence of crackles
- Diastolic blood pressure (<85mmHg)

i
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Table S8: Continued

Prediction model Predictors included in model Predictor weight

Moore, 2019 (new) - Oxygen saturation <95%

- Age >65 years

- Blood pressure (SBP <90mmHg or DBP <60mmHg)

- Temperature >37.8°C

- Any comorbidity (cardiovascular, cerebrovascular or lung
comorbidities)

- No coryza 1

- Severity assessment >5/10 by GP 1

- Chest pain 1

- -

N
]
]
b
="
(]
=
(%]

Abbreviations: COPD, chronic obstructive pulmonary disease; SBP, systolic blood pressure; DBP,
diastolic blood pressure; GP, general practitioner.
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Table S9: Rating of the quality of evidence on prediction models based on the GRADE framework

GRADE criteria

Upgrad-
ing fac-
tors

Prediction Study Risk of Inconsis- Indirect-  Impreci-  Publica-
model design bias tency ness sion tion bias

Quality of
evidence

Cohort

Bont, 2007 (high -2 0 0 -1 0 0 Very low
quality)
Cohort

CRB (high -2 0 -1 -1 0 0 Very low
quality)
Cohort

CRB-65 (high -2 0 0 0 0 0 Low

quality)
Cohort

CURB (high -2 0 -1 -1 0 0 Very low
quality)
Cohort

CURB-65 (high -2 0 -1 -1 0 0 Very low
quality)
Cohort

PSI (high -2 0 -1 -1 0 0 Very low
quality)
Cohort

CORB-75 (high -2 0 -1 -1 0 0 Very low
quality)
Cohort

RISCC85 (high -2 0 -1 -1 0 0 Very low
quality)
Cohort

(high -2 0 -1 -1 0 0 Very low
quality)

Moore,
2019

Certainty of evidence

High Moderate Low Very low
4 3 2 1

Application of the GRADE framework to rate the quality of evidence was based on prognostic
research-specific guidance (Brozek et al., 2021).
Abbreviations: GRADE, grading of recommendations, assessment, development, and evaluations.
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Background Community-acquired lower respiratory tract infections (LRTI) are
common in primary care and patients at particular risk of adverse outcomes, e.g.
hospitalisation and mortality, are challenging to identify. LRTIs are also linked to
an increased incidence of cardiovascular diseases (CVD) following the initial infec-
tion, whereas concurrent CVD might negatively impact overall prognosis in LRTI
patients. Accurate risk prediction of adverse outcomes in LRTI patients, while con-
sidering the interplay with CVD, can aid general practitioners (GP) in the clinical
decision-making process, and may allow for early detection of deterioration. This
paper therefore presents the design of the development and external validation
of two models for predicting individual risk of all-cause hospitalisation or mortal-
ity (model 1) and short-term incidence of CVD (model 2) in adults presenting to
primary care with LRTI.

Methods Both models will be developed using linked routine electronic health
records (EHR) data from Dutch primary and secondary care, and the mortality
registry. Adults aged =40 years with a GP-diagnosis of LRTI between 2016-2019 are
eligible for inclusion. Relevant patient demographics, medical history, medication
use, presenting signs and symptoms, and vital and laboratory measurements will
be considered as candidate predictors. Outcomes of interest include 30-day all-
cause hospitalisation or mortality (model 1) and 90-day CVD (model 2). Multivari-
able elastic net regression techniques will be used for model development. During
the modelling process, the incremental predictive value of CVD for hospitalisation
or all-cause mortality (model 1) will also be assessed. The models will be validated
through internal-external cross-validation and external validation in an equivalent
cohort of primary care LRTI patients.

Discussion Implementation of currently available prediction models for primary
care LRTI patients is hampered by limited assessment of model performance. While
considering the role of CVD in LRTI prognosis, we aim to develop and externally
validate two models that predict clinically relevant outcomes to aid GPs in clini-
cal decision-making. Challenges that we anticipate include the possibility of low
event rates and common problems related to the use of EHR data, such as candi-
date predictor measurement and missingness, how best to retrieve information
from free text fields, and potential misclassification of outcome events.



Rationale and design for prediction studies

BACKGROUND

Community-acquired lower respiratory tract infections (LRTI), such as acute bronchitis
and pneumonia, are common reasons for primary care consultations. Prognosis is gener-
ally favourable, allowing the majority of patients to be managed in primary care with or
without antibiotic treatment depending on disease severity and suspected pathogen.'”
Adverse outcomes such as hospitalisation or mortality occur in less than 1% of patients
with uncomplicated LRTI, i.e. not suggestive of pneumonia, and antibiotics seem not
to reduce the occurrence of these outcomes.’ The risk of complications is far more pro-
nounced in patients with community-acquired pneumonia (CAP)®, but identifying these
patients in primary care can be challenging.®’ In addition, concurrent cardiovascular
diseases (CVD) have also been linked to a poor prognosis of patients with LRTI, which is
supported by recent literature on coronavirus disease 2019 (COVID-19).5"°

On the other hand, LRTls may increase the risk or trigger the occurrence of CVD - and
thromboembolic events in particular — such as acute myocardial infarction (AMI), stroke,
pulmonary embolism, and deep venous thrombosis for several months after the acute
phase of disease.'"'” Activation of the immune system by acute infection is thought to
trigger the interaction between inflammatory and prothrombotic pathways (i.e. immu-
nothrombosis).”® Infections with respiratory pathogens such as influenza and SARS-CoV-2
have particularly been associated with increased CVD incidence, even in mildly affected
patients managed in primary care.'*'® For example, the incidence of AMI was found to
increase sixfold during the first week after influenza infection.'

Accurate prediction of risk of adverse outcomes can aid general practitioners (GP)
in identifying LRTI patients in whom close follow-up or (antibiotic) treatment is war-
ranted. Well-known prediction models — such as the Pneumonia Severity Index (PSI) and
CURB-65 - have been developed in hospitalised patients and primary care validation of
these models is hampered by the inclusion of advanced laboratory and radiographic
variables.'”'® The CRB-65, including confusion, respiratory rate, blood pressure, and age,
is proposed as primary care alternative to predict mortality but has been incompletely
validated hampering implementation in primary care.'”** Another primary care-derived
model including diagnosis, age, heart failure, diabetes, use of oral glucocorticoids,
number of hospitalisations in previous year, and antibiotic use in previous month to
predict hospitalisation and mortality also suffers from limited validation and prediction
modelling methods have advanced since the development of both models? A model
suitable for routine use in primary care is therefore currently lacking. Here we present
the design of the development and external validation of two prediction models aimed
at estimating individual risk of all-cause hospitalisation or mortality (model 1), and short-
term incidence of CVD (model 2) in adult primary care LRTI patients using linked routine
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Chapter 3

electronic health records (EHR) data from Dutch primary and secondary care, and the
mortality registry.

METHOD

Study design and setting

This prognostic model development and validation study will make use of pseud-
onymised routine EHR data. The model development cohort will be derived from the Ju-
lius General Practitioners’ Network (JGPN)%, which covers approximately 450,000 Dutch
inhabitants, representative for the Dutch population, enlisted in both urban and rural
practices in the region of Utrecht. It contains data on patient demographics, consulta-
tions (free text including anamnesis, physical examination, and prescribed treatments),
coded disease episodes and medical history (using the International Classification of
Primary Care (ICPC)*), coded prescriptions (using Anatomical Therapeutic Chemical (ATC)
codes®), data on influenza and pneumococcal vaccinations, coded measurements, and
laboratory results. The primary care EHR data will be enriched with linked data on emer-
gency department visits and hospital admissions (from Dutch Hospital Data (DHD)*) and
mortality (from the national mortality registry of Statistics Netherlands (CBS)), resulting in
a comprehensive database that covers relevant individual disease trajectories. Details on
the various data sources and their coverage is presented in Table 1.

Participants

All patients aged 40 years and older who presented to a GP affiliated to JGPN with an LRTI
between 1 January 2016 and 31 December 2019 will be included in the model develop-
ment cohort. A GP-diagnosed LRTI is defined as registration of an ICPC code for either
pneumonia (R81) or acute bronchitis (R78). Only the first episode of individual patients
within the study period will be included. An LRTl-related consultation after a period of
28 days without such consultations is considered a new episode. For external validation,
a similarly defined but more recent (i.e. 2022-2023) cohort of primary care LRTI patients
will be derived from the Academic Network of General Practitioners from the region
of Amsterdam (ANHA) which has a data structure and coverage of healthcare domains
similar to JGPN.”
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Outcomes of interest

We will develop and validate two prediction models that estimate individual risk of
30-day all-cause hospitalisation or mortality (yes/no; model 1) and CVD within 90 days
(yes/no; model 2) (Figure 1).

For model 1, registration of hospitalisation (DHD) and mortality (CBS) within 30 days
after LRTI diagnosis will be extracted, irrespective of diagnosis or cause. For model 2, the
composite outcome consists of CVD-related mortality and acute (arterial and venous)
thromboembolic events within 90 days after LRTI diagnosis: data on CVD-related mortal-
ity, acute coronary syndrome, cerebrovascular accident and pulmonary embolism will be
extracted from CBS and DHD data using ICD-10 diagnosis codes.”® Additionally, data on
transient ischaemic attack and deep venous thrombosis will be retrieved from DHD (us-
ing ICD-10 coding) and JGPN (based on ICPC coding and free text fields of consultations),
as these events can be managed in both primary and secondary care. We will additionally
explore the option of including exacerbations of heart failure in the outcome for model 2,
depending on the feasibility and validity of retrieving such events from primary care free
text data. Since outcome events will be collected from a national registry and follow-up
time will be short, the number of missing outcome events will likely be minimal and a
non-survival model will be used in our analysis.

Candidate predictors

Initial candidate predictor selection will be based on a review of the literature and
clinical expertise. Candidate predictors will be measured at GP diagnosis of LRTI (i.e.
moment of prediction). We will consider the following categories as candidate predic-
tors: demographics (e.g. age, sex), patient history (e.g. smoking status, comorbidities),
chronic medication use (e.g. immunosuppressants, inhalation medication). In addition,
we will explore the feasibility of retrieving and - where relevant - the added predictive
value of candidate predictor data on signs and symptoms (e.g. shortness of breath, fever),
measurements (e.g. oxygen saturation, respiratory rate), and laboratory tests (e.g. point-
of-care C-reactive protein (CRP) measured at diagnosis) from free text fields. An overview
of all variables that will be considered as candidate predictors can be found in Additional
file 1.
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Sample size

Calculations of the required sample sizes for model development are based on estimated
event fractions of the outcomes of both prediction models. A total of 15 candidate predic-
tors, interaction terms included, is anticipated. Sample size calculations were performed
using the pmsampsize package” in R version 4.2.2%, targeting a maximum shrinkage
of 10% to minimize potential overfitting. In absence of reported R-squared values of
previously developed models, we aim at developing models with a minimal anticipated
c-statistic (area under the ROC curve) of 0.70. For model 1, the minimal required sample
size is 8,635 LRTI episodes assuming a conservative event rate of 3%."***' For model 2,
estimation of the expected cardiovascular event rate is more difficult due to varying defi-
nitions and follow-up periods in previous reports.’> Assuming an event rate of 2.5%, the
minimal required sample size is 10,231 LRTI episodes.

The incidence of LRTI in Dutch primary care is estimated at 27.8 episodes per 1000
person-years.” With approximately 50% of JGPN participants aged 40 years or older”
and assuming a similar incidence rate in this population, we anticipate around 25,000
LRTI episodes in our development cohort which would be more than sufficient given our
sample size calculations.

Missing data

Inherent to the use of EHR data, missing data is anticipated. We will consider the absence
of registered comorbidities and prescriptions as absence of the condition or medication
use. For all other candidate predictors, we will assess the proportion of cases with missing
data and its assumed mechanism. Where appropriate, if the missing at random assump-
tion is met, missing data will be handled using appropriate techniques, such as multiple
imputation with chained equations.*

Statistical analysis

Candidate predictor selection will be based on existing literature, clinical expertise, data
availability, and maximum number of candidate predictors according to the sample size
calculation. Restricted splines will be considered for continuous predictors, such as age.
Both prediction models will be developed using multivariable elastic net regression, ac-
counting for predictor selection during the modelling process.

Model 1 will be developed using an incremental predictive value approach. First, a base-
line model (i.e. including age, sex, and an interaction term) will be fitted. Next, the incre-
mental predictive information captured by CVD comorbidity is explored by forcing CVD
comorbidities into the model. Finally, a model will be built using all candidate predictors.
Model performance of these subsequent models will be compared based on difference
in c-statistics calculated by bootstrapping, change in distribution of risks, and change
in R-squared (pseudo-R-squared), allowing us to choose a final model based on model
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performance and suitability for use in clinical practice (e.g. a complex model with only
a slight increase in performance might not be preferable). For model 2, the final model
will directly be developed by forcing all selected candidate predictors into the model.
Model performance of the final models will be assessed using quantitative measures of
discrimination (c-statistic) and calibration (intercept, slope, and flexible calibration plot),
the Cox-Snell R-squared, and decision curve analysis.

The final models will initially be validated through internal-external cross-validation -
both geographical and temporal - to assess heterogeneity of predictor effects by place
and time. Subsequently, both final models will be externally validated in the ANHA
cohort. Measures of discrimination and calibration will be assessed and, if necessary,
the models will be updated using the validation cohort, which would require additional
validation.*® All analyses will be performed in R version 4.2.2*°, and while reporting we
will adhere to the TRIPOD statement (Additional file 2).*°

DISCUSSION

In this paper we present the rationale and design for the development and external vali-
dation of two prediction models that can aid GPs in identifying primary care LRTI patients
with an increased risk of adverse outcomes. By assessing both the predictive value of
CVD for adverse outcomes and the occurrence of cardiovascular outcome events these
models specifically address the role of CVD in the prognosis of LRTI.

Currently available models that stratify LRTI patients based on risk of poor prognosis are
either designed for use in hospitalised patients or suffer from limited validation for use in
primary care®'***** and predicted outcomes are limited to hospitalisation and mortal-
ity. In addition, advances in the field of prediction research have led to more sophisticated
model development and validation methods. Rather than updating existing models, we
therefore aim to include the predictors of these models as candidate predictors while
developing new prediction models using state-of-the-art development and validation
techniques.

The burden of CVD following an LRTI episode has received considerable attention in
hospitalised patients with CAP, and the most frequently observed events include exacer-
bation of heart failure, atrial fibrillation, and acute coronary syndrome.**** Some specific
respiratory pathogens, such as influenza and SARS-CoV-2, are particularly associated with
cardiovascular complications.'*'** These observations are not limited to hospitalised pa-
tients alone, since several primary care-based studies on patients with RTI also revealed
an increased incidence of AMI and stroke up to 90 days after initial infection.*' Regarding
individual prognostic factors, a history of hypertension and a QRISK2 score — a 10-year
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Chapter 3

cardiovascular risk tool - of >10% were found to be associated with an increased risk of
cardiovascular events following an RTI.*> However, tools for individual risk-stratification of
CVD following an LRTI episode in primary care are currently lacking.

Our models will be developed in a period prior to the COVID-19 pandemic. During the
first years of the pandemic, aetiology of RTls was largely reduced to SARS-CoV-2 infec-
tion and circulation of this virus in a naive population resulted in a wave of severely ill
patients.”” Consequently, hospitalisation and mortality rates among LRTI patients have
been relatively high during this period, whereas cardiovascular complications are also
more frequent with increasing COVID-19 disease severity."”” The burden of COVID-19
in the Netherlands has declined ever since as a result of vaccination strategies, natural
immunisation after infection and the shift towards predominance of the less severe
Omicron variant. We therefore expect that the epidemiology of primary care LRTls in the
current (post-pandemic) era largely resembles that of the pre-pandemic years in which
our models will be developed, which would lead to a stable model performance. This,
however, warrants confirmation by our intended external validation in a post-pandemic
cohort of primary care LRTI patients.

Strengths, challenges and limitations

Strengths of the design of our study include the large cohorts used for model develop-
ment and external validation that derive from a population that is representative of Dutch
primary care, the enrichment with linked data on hospitalisation and mortality, and the
state-of-the-art assessment of model performance on internal-external and external
validation.

Nevertheless, we do anticipate several challenges during the study process. First, the use
of routine EHR data requires proper handling of missing data, which in turn depends on
the assumed mechanism of missingness.** JGPN affiliated practices receive education on
proper coding of medical history and prescriptions using the ICPC and ATC coding sys-
tems, resulting in a rich database. It seems therefore appropriate to consider the absence
of such registrations as negative values. Handling of missing data might however be more
complex for candidate predictors that will potentially be retrieved from free text fields of
index consultations, such as signs, symptoms, measurements, and laboratory test results.
We aim to explore the registration of free text-derived parameters and the challenges
this introduces in a random sample of the study population prior to embarking on the
process of model development with candidate predictors retrieved from free text fields.

A second possible challenge that we consider is a low outcome event rate for model 2
(predicting cardiovascular outcomes), for which we estimated an event rate of 2.5%. If the
actual occurrence of CVD following an LRTI episode proves to be lower we may refrain
from developing a prediction model, since it is challenging to maintain a high predictive
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performance in case of rare outcome events.* In such event, we will consider an alterna-
tive approach to identify patient and disease characteristics that are associated with an
increased risk of CVD following an LRTI by comparing CVD incidence rates among sub-
groups based on various characteristics, such as patient demographics, comorbidities,
and medication use.

Lastly, the use of routine EHR data potentially introduces misclassification on the level
of candidate predictors (e.g. medical history), study population (i.e. definition of LRTI
episode), and outcome events (e.g. CVD-related mortality). To mitigate potential validity
problems due to misclassification, the models should ideally be implemented in a con-
text with similarly structured input data from EHRs. If the models prove to be a safe and
valuable addition to the clinical decision-making process, this ultimately results in real-
time predicted risks of adverse outcomes in primary care LRTI patients. The potential for
developing and implementing such prediction models for LRTI patients is also addressed
in the pneumonia guideline of the American Thoracic Society and Infectious Diseases
Society of America.*

CONCLUSION

Community-acquired LRTIs are common in primary care, and patients with increased risk
of adverse outcomes are challenging to identify. Currently existing prediction models for
adverse outcomes only focus on hospitalisation and mortality and suffer from incomplete
model validation, hampering implementation in clinical practice. The importance of CVD
for the prognosis of LRTls is proposed by both its association with overall poor prognosis
and the observed increased incidence of CVD following the initial infection. While con-
sidering the interplay between LRTI and CVD, we aim to develop and externally validate
two prediction models that predict clinically relevant outcomes such as cardiovascular
events, hospitalisation, and mortality. These models can aid GPs in stratifying risk of poor
prognosis in primary care LRTI patients, which may ultimately allow for early detection
and prevention of deterioration.
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SUPPLEMENTARY MATERIALS FOR CHAPTER 3

Additional file 2 (TRIPOD checklist) is not printed in this thesis but is available online.

Additional file 1. Overview of variables considered as candidate predictors

Parameter Underlying registrations, if applicable Codes, if applicable Data source
ICPC ATC
Demographics
Age (years) JGPN
Sex (male, female) JGPN
Frailty index Algorithm based on ICPC codes JGPN
(Drubbel et al., 2013)
Use of medical care
Number of GP consultations JGPN
<12 months
Hospitalisation <12 months DHD
Vaccination status
Pneumococcal conjugate Immunisation/preventive medicine of ~ R44 JO7BB02 JGPN
vaccine airways (<5 years)
Influenza vaccine Immunisation/preventive medicine of ~ R44 JO7ALO1 JGPN
airways (<1 year)
Comorbidities: CVD
Aortic aneurysm Aortic aneurysm K99.01 JGPN
Atrial fibrillation Atrial fibrillation/flutter K78 JGPN
Cardiomyopathy Cardiomyopathy K84.03 JGPN
Cerebrovascular disease CVA K90 JGPN
TIA K89
Coronary artery disease Angina pectoris K74 JGPN
Other chronic/ischemic heart disease K76
Heart failure Decompensatio cordis K77 JGPN
Myocardial infarction Acute myocardial infarction K75 JGPN
Other arrhythmias Paroxysmal tachycardia K79 JGPN
Sick sinus syndrome K80.03
Wolff-Parkinson-White syndrome K84.01
Atrioventricular block K84.02
Long QT-syndrome K84.07
Presence of pacemaker/ICD A89.01
Pregnancy related CVD Deep vein thrombosis in pregnancy W77.03 JGPN
Postpartum thrombosis W99.03
Thrombo-embolic disease ~ Pulmonary embolism K93 JGPN
Thrombophlebitis/ phlebothrombosis K94
Valve disease Acute rheumatic fever K71 JGPN
Non-rheumatic valve disease K83
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Additional file 1. Continued

Parameter Underlying registrations, if applicable Codes, if applicable = Data source
ICPC ATC

Other comorbidities

Smoking status Algorithm for text mining JGPN
(Boer et al.,, 2022)

Family history of CVD Family history of CVD A29.01 JGPN

Hypertension High blood pressure K85 JGPN
Primary hypertension with organ K86
damage
Secondary hypertension/organ damage K87

Atherosclerosis Atherosclerosis K91 JGPN

Intermittent claudication Intermittent claudication K92.01 JGPN

Rheumatoid arthritis Rheumatoid arthritis L88.01 JGPN

History of pneumonia Pneumonia R81 JGPN

COPD Emphysema/COPD R95 JGPN
Chronic bronchitis/bronchiectasis R91

Asthma Asthma R96 JGPN

Allergic rhinitis Allergic rhinitis R97 JGPN

Adipositas Adipositas T82 JGPN
Obesity T83

Diabetes mellitus Diabetes mellitus type 1 and 2 T90 JGPN

Disorders of fat metabolism Disorders of fat metabolism T93 JGPN

Renal dysfunction Renal dysfunction/insufficiency U99.01 JGPN

Pregnancy related CVDrisk  Pre-eclampsia W81 JGPN

factors Gestational diabetes W84.02

Premature menopause Premature menopause T99.07 JGPN

Coagulation disorders Purpura/coagulation disorder/abnormal B83 JGPN
thrombocytes

PCOS PCOS T99.06 JGPN

Dementia Cognitive disorders P20 JGPN
Dementia P70

Thyroid disease Hyperthyroidism/thyrotoxicosis T85 JGPN
Hypothyroidism/myxoedema T86

IBD Ulcerative colitis/Crohn’s D94 JGPN
disease

HIV infection HIV-infection B90 JGPN

Viral hepatitis Viral hepatitis D72 JGPN

Cirrhosis Cirrhosis/other liver disease D97 JGPN

Skin ulcer Ulcer cruris/decubitus/chronic ulcer S97 JGPN

Gastrointestinal ulcer Ulcer duodeni D85 JGPN
Ulcer pepticum D86

Paralysis Paralysis N18 JGPN

Hip fracture Fratcure of collum femoris L75.01 JGPN
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Additional file 1. Continued

Parameter Underlying registrations, if applicable Codes, if applicable Data source
ICPC ATC
Oncology
Hematologic cancer Hodgkin lymphoma B72.01 JGPN
Non-Hodgkin lymphoma B72.02
Leukaemia B73
Hematologic/lymphatic malignancy NOS B74
Benign hematologic/lymphatic B75
Neoplasm
Digestive tract cancer Stomach malignancy D74 JGPN :\
Colon/rectum malignancy D75 g
Pancreatic malignancy D76 %
Digestive tract malignancies NOS D77 "5
Pulmonary cancer Malignancy of bronchus/lung R84 JGPN
Other airway malignancy R85
Skin cancer Malignancy skin/subcutis S77 JGPN
Urological cancer Malignancy of kidney u75 JGPN
Malignancy of bladder u76
Other malignancy of urinary tract u77
Malignancy prostate Y77
Other urologic malignancy Y78
Gynaecological cancer Malignancy of cervix uteri X75 JGPN
Malignancy of breast (female) X76
Other gynaecological malignancies X77
Other malignancies Malignancy of unknown primary origin  A79 JGPN
Malignancy of eye/adnexa F74.01
Malignancy of ear H75.01
Cardiovascular malignancy K72.01
Musculoskeletal malignancy L71.01
Neurologic malignancy N74
Malignancy of thyroid T71

Recent laboratory tests and measurements (timeframe in months prior to LRTI-episode)

Body mass index (kg/m?) <12 months JGPN
eGFR (ml/min/1,73 m?) <12 months JGPN
Haemoglobin (mmol/l) <3 months JGPN
Leukocytes (x10°%/L) <6 months JGPN
BNP or NT-proBNP (pmol/l) <6 months JGPN
HbA1, (mmol/mole) <6 months JGPN
TSH (mU/1) <3 months JGPN
D-dimer (mg/l) <3 months JGPN
LDL (mmol/l) <6 months JGPN

Measurements linked to LRTI-related episode
Oxygen saturation (%) JGPN
Respiratory rate (/min) JGPN
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Additional file 1. Continued

Parameter Underlying registrations, if applicable Codes, if applicable  Data source
ICPC ATC
Heart rate (/min) JGPN
Systolic blood pressure JGPN
(mmHg)
Diastolic blood pressure JGPN
(mmHg)
Body temperature (°C) JGPN
C-reactive protein (mg/ml) JGPN
Chronic use of medication®
Recent antibiotic use Within 1 month prior to LRTI episode Jo1 JGPN
Platelet aggregation platelet aggregation inhibitors BO1AC JGPN
inhibitors
Other anticoagulants Vitamin K antagonists BO1AA JGPN
Dalteparin BO1ABO4
Enoxaparin BO1ABO5
Nadroparin BO1ABO6
Tinzaparin BO1AB10
Dabigatran BO1AE07
Direct factor Xa inhibitors BO1AF
Fondaparinux BO1AX05
Diuretics Diuretics co3 JGPN
Beta blockers Beta blockers CO7A JGPN
Cardioselective beta Cardioselective beta blockers C07AB JGPN
blockers
Calcium channel blockers Calcium channel blockers co8 JGPN
ACE-inhibitors ACE-inhibitors, plain C09A JGPN
ACE-inhibitors, combinations C09B
ARBs Angiotensin Il receptor C09C JGPN
blockers, plain C09D
Angiotensin Il receptor
blockers, combinations
Nitrates Isosorbidemononitrate CO01DA14 JGPN
Isosorbidedinitrate CO1DA08
Nitrogycerin CO1DA02
Lipid-lowering medication  Lipid-lowering agents C10A JGPN
Digoxin Digoxin COTAA05 JGPN
Flecainide Flecainide C01BC04 JGPN
Immunosuppressive drugs  Systemic glucocorticoids Predniso(lo)n HO02AB JGPN
>7.5mg/day
Immunosuppressants LO4A
Benzodiazepines Benzodiazepines NO5CD + JGPN
NO5CF
Antidepressants Antidepressants NO6A JGPN
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Additional file 1. Continued

Parameter Underlying registrations, if applicable Codes, if applicable Data source
ICPC ATC
Insulin Insulin and analogs A10A JGPN
(- A10AF)
Inhalation medication Long acting beta antagonists (LABA): JGPN
Formoterol RO3AC13
Indacaterol RO3AC18
Olodaterol RO3AC19
Salmeterol RO3AC12
)
Long azcting muscarine antagonists 5
(LAMA): a
Aclidinium R03BBOS =
Glycopyrronium R0O3BB06 =
Tiotropium R0O3BB04
Umeclidinium R0O3BB07
LABA+LAMA:
Aclidinium/formoterol RO3ALO5
Glycopyrronium/formoterol RO3ALO7
Indacaterol/glycopyrronium RO3AL04
Tiotropium/olodaterol RO3AL06
Umeclidinium/vilanterol RO3ALO3

Inhalation corticosteroids (ICS):

Beclomethasone RO3BAO1
Budesonide RO3BA02
Fluticasone RO3BA05
ICS+LABA:

Formoterol/beclomethasone RO3AK08
Formoterol/budesonide Salmeterol/ RO3AKO07
fluticasone propionate RO3AKO06
Vilanterol/fluticasone furoate RO3AK10
ICS+LABA+LAMA

Beclomethasone/formoterol/ RO3AL09
glycopyrronium RO3AL08
Fluticasone/umeclidinium/vilanterol RO3AL11

Formoterol/glycopyrronium/budesonide

Abbreviations: CVD, cardiovascular disease; ICPC, International Classification of Primary Care; ATC, anatomical ther-
apeutic chemical; JGPN, Julius General Practitioners’ Network; GP, general practitioner; DHD, Dutch Hospital Data;
COVID-19, coronavirus disease 2019; CIMS, COVID-vaccination Information and Monitoring System; COPD, chronic
obstructive pulmonary disease; PCOS, polycystic ovarium syndrome; NOS, not otherwise specified; IBD, inflamma-
tory bowel disease; HIV, human immunodeficiency virus; LRTI, lower respiratory tract infection; kg, kilogram; m,
meter; eGFR, estimated glomerular filtration rate; ml, millilitre; min, minute; mmol, millimole; |, litre; BNP, B-type
natriuretic peptide; NT-proBNP, N-terminal (NT)-pro hormone BNP; pmol, picomole; HbA 1, haemoglobin A1c; mU,
milliunits; mg, milligram; LDL, low density lipoproteins; mmHg, millimeters of mercury; °C, degrees celcius.

* Medication was selected only when commonly used in a primary care setting and is based upon guidelines
issued by the Dutch College of General Practitioners and the Dutch pharmacotherapeutic compass.
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Objective To assess the completeness of recording of relevant signs, symptoms,
and measurements in Dutch free text fields of primary care electronic health re-
cords (EHR) of adults with lower respiratory tract infections (LRTI).

Study design and setting Retrospective cohort study embedded in a prediction
modelling project using routine health care data of the Julius General Practitioners’
Network of adult patients with LRTIs. Free text fields of 1,000 primary care consul-
tations of LRTI episodes between 2016-2019 were manually annotated to retrieve
data on the recording of sixteen relevant signs, symptoms, and measurements.

Results For 12/16 (75%) of the relevant signs, symptoms, and measurements,
more than 50% of the values was not recorded. The patterns of recorded values
indicated selective recording of positive or abnormal values. Recording rates var-
ied across consultation type (physical consultation vs. home visit), diagnosis (acute
bronchitis vs. pneumonia), antibiotic prescription issued (yes vs. no), and between
practices.

Conclusion In EHR of primary care LRTI patients, recording of signs, symptoms,
and measurements in free text fields is incomplete and possibly selective. When
using free text data in EHR-based research, careful consideration of its recording
patterns and appropriate missing data handling techniques is therefore required.
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INTRODUCTION

Electronic health records (EHR) hold information on large numbers of individual patients
and contain structured data on health indicators such as medical history, coded disease
episodes, presenting signs or symptoms, and treatments. Although EHR data are not pri-
marily collected for research purposes, its potential for conducting research is increasingly
recognised and the availability of longitudinal data on a large number of patients enables
researchers to study relatively rare events."? Currently, the majority of EHR-based research
is focussed on structured (often limited) data, since manual extraction of information
from unstructured free text fields is time- and res.ource—consuming.z'3 However, advances
in natural language processing methods increasingly allow for automated retrieval of
unstructured information from free text fields of the EHR, in which more detailed infor-
mation on signs, symptoms, and measurements is often documented.> This increasing
availability of unstructured data provides relevant opportunities for EHR-based research,
for example on the prognosis of acute lower respiratory tract infections (LRTI) in primary
care. Identifying LRTI patients at risk of hospitalisation or mortality is challenging and ex-
isting prediction models that can assist general practitioners (GP) in risk stratification - of
which CRB-65 (confusion, respiratory rate, blood pressure and age =65 years) is the most
promising — have not been properly validated.” Predictors of the CRB-65, as well as other
potential relevant signs, symptoms, and measurements, are mainly recorded in free text
fields.> However, prior to including free text variables in primary care EHR-based research,
it is instrumental to gain insight in the type and quality of information captured in free
text primary care EHR data and to assess the completeness of this information. Yet, this
has been rarely done previously.

In this study, we therefore aimed to assess the completeness of recording of signs,
symptoms, and measurements in free text fields of EHRs of adult patients presenting to
primary care with an LRTI. This provides insight on the recording in routine GP practice of
such variables and informs on the quality and potential challenges in the use of free text
data in primary care EHR-based research.

STUDY DESIGN AND SETTING

Design and participants

For this study, we used primary care routine health care data from the Julius General Prac-
titioners’ Network (JGPN).® The JGPN contains data on patient demographics, encoded
diseases and prescriptions (using the International Classification of Primary Care (ICPC)
and Anatomical Therapeutic Chemical (ATC) codes), coded measurements of vital param-
eters, laboratory results, and free text fields of consultations, and covers approximately
450,000 patients from both urban and rural general practices in the region of Utrecht, the
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Netherlands. This study is embedded in a project aimed at developing EHR-based predic-
tion models for adverse outcomes in adult patients presenting with LRTI to primary care,
which has been reported on elsewhere.” In short, the cohort comprises of patients aged
40 years and older consulting their GP with an LRTI episode (defined as ICPC registra-
tion of either acute bronchitis (R78) or pneumonia (R81)) between 1 January 2016 and
31 December 2019. An episode starts at the day of the first LRTI-related consultation (i.e.
index consultation), and consecutive episodes within individual patients are separated
by a period of at least 28 days without LRTI-related consultations. For this study, a non-
stratified random sample of 1,000 episodes from our JGPN cohort was drawn. In case of
multiple episodes per individual patient, only the first episode was included and we only
included episodes of which the index consultation was a face-to-face appointment, since
these are likely to contain information on physical examination and vital and laboratory
measurements.

Data collection

For all 1,000 episodes, information on patient demographics (age, sex), comorbidities
(pulmonary diseases, diabetes, heart failure, and history of malignancy or cerebrovas-
cular accident), smoking status and medication use (immunosuppressants, inhalation
medication) was collected at the day of index consultation. Smoking status was auto-
matically extracted using a free text algorithm that has been developed within JGPN.?
Using free text fields and structured input on measurements, we extracted data on signs,
symptoms and measurements recorded at index consultations which may be of value for
predicting poor outcome in primary care LRTI patients.” These include patient-reported
symptoms (cough, shortness of breath, sputum, chest pain, chills, fever, and confusion),
GP-reported signs (ill appearance, confusion, crackles on lung auscultation), and vital
and laboratory measurements (blood pressure, body temperature, respiratory rate, heart
rate, oxygen saturation, and C-reactive protein (CRP)). Recording of these variables was
manually retrieved from free text fields of index consultations by one author (AM). Dur-
ing this process, a second author (MR) manually cross-checked the first 100 annotated
episodes (10% of the total sample) to assure correct coding of free text derived variables
in the remaining sample, with a high inter-rater reliability (Cohen’s Kappa 0.98 (95% con-
fidence interval (Cl) 0.97 to 0.99), indicating almost perfect agreement). When recorded,
the absence or presence of signs and symptoms (e.g. cough yes/no) and the values of
measurements were documented. Antibiotic prescription at index consultation was
extracted using ATC codes of LRTl-related prescriptions including amoxicillin, amoxicillin/
clavulanate, azithromycin, clarithromycin, doxycycline, and erythromycin.’

Statistical analysis

We performed an exploratory analysis of the extracted data on signs, symptoms, and
measurements, in which the proportion of recording, the distribution of positive and
negative values of recorded signs and symptoms, and the distribution of recorded mea-
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surements were descriptively summarised. We explored differences in the recording of
signs, symptoms, and measurements across the strata of consultation type, diagnosis,
antibiotic treatment at index consultation, and age, and we assessed heterogeneity in
recording patterns between general practices.

Proportions of registered signs, symptoms, and measurements were compared using a
two-sample Z-test, and mean number of recordings were compared using the Wilcoxon
rank-sum test. Correlation between continuous variables was assessed using Pearson’s
correlation coefficient. All analyses were performed in R version 4.2.2."°

RESULTS

Characteristics of cohort

Characteristics of the cohort are summarised in Table 1. The mean age of the patients was
63.0 (standard deviation (SD) 13.8) years, and 56.0% were female. Most patients (56.3%) were
diagnosed with pneumonia and 31.9% were treated with antibiotics at index consultation.
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Table 1. Baseline characteristics of cohort

Characteristic Total = 1000
Mean age (SD) 63(13.8)
Female sex 560 (56.0%)
Year
2016 343 (34.3%)
2017 241 (24.1%)
2018 246 (24.6%)
2019 170 (17.0%)
Consultation type
Physical consultation 850 (85.0%)
Home visit 150 (15.0%)
Diagnosis
Acute bronchitis 437 (43.7%)
Pneumonia 563 (56.3%)
Smoking status
Current 266 (26.6%)
Former 209 (20.9%)
Never 202 (20.2%)
No information 323(32.3%)
Comorbidities
COPD 102 (10.2%)
Asthma 121 (12.1%)
Malignancy* 78 (7.8%)
Diabetes 52 (5.2%)
Heart failure 37 (3.7%)
CVA 38 (3.8%)
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Table 1. Continued

Characteristic Total = 1000
Medication use
Inhalation medication 45 (4.5%)
Immunosuppressants or systemic corticosteroids 9 (0.9%)
Antibiotic prescription (at index consultation) * 319 (31.9%)

"Excluding malignancies of the skin.

SIncludes long-acting bronchodilators, corticosteroid inhalers, and combinations.

*Includes only antibiotic prescriptions that are appropriate for treating lower respiratory tract
infections based on primary care guidelines, i.e. amoxicillin, amoxicillin/clavulanate, azithromycin,
clarithromycin, doxycycline, and erythromycin.

Abbreviations: SD, standard deviation; COPD, chronic obstructive pulmonary disease; CVA,
cerebrovascular accident.

Recording of signs, symptoms, and measurements

On average, 3.6 signs and symptoms (median: 4) were recorded per patient (Figure 1).
Lung auscultation (86.1%) and cough (76.6%) were recorded most frequently whereas
information on chills (4.4%) and confusion (3.5%) was recorded least frequently (Table 2).
When recorded, patient reported symptoms were mostly present - most notably cough
(98.4%), chills (95.5%), sputum (91.1%) and chest pain (78.3%) - indicating selective
recording.
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0 2 4 6 8
Number of recorded signs and symptoms
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0 2 4 6
Number of recorded measurements

Figure 1. Number of (A) signs and symptoms and (B) measurements recorded per individual patient.
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An average number of 1.9 measurements (median: 2) was recorded per patient (Figure 1).
For all measurements more than 50% of the values were not recorded (Table 2). Body
temperature (45.4%), oxygen saturation (45.1%), and heart rate (40.0%) were recorded
most frequently whereas respiratory rate (5.7%) was infrequently recorded. The distribu-
tions of recorded measurement values - especially respiratory rate, oxygen saturation,
and CRP - reveal a substantial number of abnormal values, potentially indicating selec-
tive recording in those more severely affected (Figure 2).

Table 2. Recording and distribution of signs, symptoms, and measurements in free text fields of
electronic medical records

Signs and symptoms

Recording (%)

Positive if recorded (%)

Pneumonia  Acute bronchitis Overall
Patient reported ;
Cough 719 82,6 76.6 98.4 ‘é
Fever 57.0 50.3 54.1 57.7 S
Shortness of breath 544 51.7 53.2 70.9
Sputum 26.1 30.7 28.1 91.1
Chest pain 229 13.5 18.8 787
Chills 5.7 2.7 4.4 95.5
Patient or GP reported
Confusion 53 1.1 35 17.1
GP reported
Crackles (auscultation) 83.7 89.2 86.1 26.6
Ill appearance 39.1 24.7 328 393

Measurements
Recording (%) X

Pneumonia  Acute bronchitis Overall Median value (IQR)
Body temperature 52.0 36.8 45.4 37.2 (36.8 - 38.0) °C
Oxygen saturation 51.0 375 45.1 97 (95 - 98)%
Heart rate 46.9 31.1 40.0 88 (76 - 100) beats/min
CRP 20.1 16.5 18.5 39 (10 - 94) ml/mL
Systolic BP 21.7 12.1 17.5 132 (120 - 150) mmHg
Diastolic BP 21.7 12.1 175 80 (70 - 84.5) mmHg
Respiratory rate 6.4 4.8 5.7 18 (16 - 20) breaths/min

Abbreviations: GP, general practitioner; CRP, C-reactive protein; BP, blood pressure.
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Figure 2. Distribution of recorded measurements with density curve and median (interquartile
range)
Abbreviations: SBP, systolic blood pressure; DBP, diastolic blood pressure; C, Celsius; min, minute;
CRP, c-reactive protein.

Recording patterns across subgroups

The mean number of recorded signs and symptoms was significantly higher in patients
with ICPC registration of pneumonia compared to acute bronchitis (3.7 vs. 3.5, p=0.006)
and in those receiving immediate antibiotic treatment compared to those who did
not (3.9 vs. 3.4, p<0.001) (Table 3). On average, the number of recorded measurements
was significantly higher at home visits compared to physical consultations (2.7 vs. 1.8,
p<0.001), in patients with pneumonia compared to acute bronchitis (2.2 vs. 1.5, p<0.001),
and in those receiving immediate antibiotic treatment compared to those who did not
(2.2 vs. 1.8, p<0.001). There was a significant difference in the recording of 9/15 variables
between consultation type (home visit vs. physical consultation), 12/15 variables be-
tween diagnosis (pneumonia vs. acute bronchitis), and 8/15 variables between antibiotic
prescription issued at index consultation (yes vs. no) (Table S1). Shortness of breath was
the only variable that did not significantly differ across all three strata. Age was weakly
negatively associated with the number of registered signs and symptoms included in
our study (Pearson’s correlation coefficient (r) -0.07, 95% Cl -0.13 to -0.01) but showed no
significant association with the number of registered measurements (r 0.06, 95% Cl 0.00
to 0.12) (Figure 3). The number of recorded signs and symptoms was positively associated
with the number of recorded measurements (r 0.30, 95% Cl 0.24 to 0.35).
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Table 3. Differences in mean number of recordings between LRTI episodes stratified according to
consultation type, diagnosis, and immediate antibiotic prescription.

Consultation type

Mean number of recordings

Home visit Physical consultation p value t
Signs and symptoms 3.7 35 0.106
Measurements 2.7 1.8 <0.001
Diagnosis

Mean number of recordings

Pneumonia Acute bronchitis p value t
Signs and symptoms 37 35 0.006
Measurements 2.2 15 <0.001
Treatment

Mean number of recordings :"

Immediate AB No immediate AB p value t *2

Signs and symptoms 39 34 <0.001 .-g
Measurements 2.2 1.8 <0.001

*Based on Wilcoxon rank sum test.

Abbreviations: LRTI, lower respiratory tract infection; AB, antibiotics.

Summarising the recording patterns of different primary care practices, a mean number
of 3.6 (SD 0.7, range 1.8 to 5.3) signs and symptoms and 1.9 (SD 0.8, range 0.0 to 3.8)
measurements were recorded per patient per practice. On a primary care practice level,
the mean number of recorded signs and symptoms per patient was positively associated
with the mean number of recorded measurements per patient on a primary care practice
level (r 0.44, 95% Cl 0.25 to 0.60) (Figure 4).

95



Chapter 4

A 100-

$o03.0
3

80-

60-

e o 88 ool goofelte o oo o
i T T T

Age at start of episode (years)

,IEIE!li!lgl..-i!llllgsggniiitsfi!tluii|aqliil. P Py
il;.;gn'i.'l.gl.in. lﬂgivlii.553'l|ii is 5“903 as 8 o o

888sssatal g 'I‘f'vv iﬂﬂﬂgﬁalfg.iugui'ﬂ-v s 3,80 o

go 0008 o8 5,89, Baos s soess.bes

40- -t

A

o
N -
w -
~
o1 -
o -
~
[ee]

Number of recorded signs and symptoms

100~

>

80-

60-

Age at start of episode (years)

B .o.B880s oooos. Bus. .8 Beolang.e . sbs .
oo B o8 o8 Boc ool esesle 8o ololoucevss o seee o

b b ittt b, o
!ﬂleaisﬂaulein |aﬂ|§u'i-!ilia'l.!aﬂs.:!l,zl veeotd

Eals:é.agils.liIE!Iaia§|l!|!lla|lgiai!,|!e.a. fi3

40-

4 5 6 7
Number of recorded measurements

o -
N -
w

Figure 3. Association between age and (A) number of signs and symptoms, and (B) number of
measurements recorded

Association between age and number of recorded signs and symptoms (A) and between age
and number of recorded measurements (B) visualised in half-violin half-dot plot. Dots represent
individual data points (i.e. episodes) and violin plots visualise the distribution of age per number of
recordings.

Pearson’s correlation coefficient (r) for association between age and the number of recordings:
A:r-0.07,95% confidence interval -0.13 to -0.01
B: r 0.06, 95% confidence interval 0.00 to 0.12
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Figure 4. Association between mean number of signs and symptoms and mean number of
measurements recorded, on a general practice level
Each data point represents a unique general practice in the Julius General Practitioners’ Network.
The size of the data points is determined by the number of episodes contributed to the study cohort.

Pearson’s correlation coefficient (r) 0.44, 95% confidence interval 0.25 to 0.60

DISCUSSION

Main findings

In this study, we aimed to assess the completeness of recording of relevant signs, symp-
toms, and measurements in free text EHR data of primary care LRTI patients. Our most
notable finding is the substantial amount of non-recorded values. Apart from incom-
plete recording, our study reveals several issues indicating selective recording of these
variables, potentially posing a challenge when using these data in EHR-based research.
First, the distribution of recorded values suggests that signs, symptoms, and measure-
ments are more likely to be recorded in case of positive or abnormal findings. Second,
we found that their recording is associated with observed factors such as consultation
type, diagnosis, and antibiotic treatment, raising uncertainty on potential associations
with non-observed factors. Lastly, we observed heterogeneity in recording behaviour
between primary care practices.

Comparison with existing literature

Primary care guidelines currently aid GPs in identifying LRTI patients with increased risk
of adverse outcomes by highlighting factors associated with such outcomes, including
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several signs, symptoms, and measurements. E.g., the Dutch primary care guideline in-
cludes ill appearance, confusion, lung auscultation, respiratory rate, heart rate and blood
pressure in its severity assessment.” UK guidance on pneumonia patients issued by the
National Institute of Health and Care Excellence (NICE) suggests to stratify risk of poor
prognosis in primary care LRTI patients based on CRB-65."" Nevertheless, the findings in
our study indicate that the factors addressed in these guidelines are not routinely record-
ed in LRTI patients, which is largely in line with findings of previous studies. A prospective
evaluation of the potential use of CRB-65 in primary care LRTI patients conducted in 13
European countries reported that respiratory rate (22.7%) and blood pressure (31.9%)
were infrequently measured as part of routine practice, whereas confusion (99.8%) was
recorded in almost all patients as it was part of a standard case report form."> Another ret-
rospective UK EHR-based study among primary care patients with community-acquired
pneumonia found that complete recording of CRB-65 at index consultation was 0.4%;
confusion (0.2%), respiratory rate (3.6%), and blood pressure (17.6%) were all infrequently
recorded.” Of note, in a primary care-based prospective cohort study of patients with
LRTI with near-complete recording, the positivity rates of signs and symptoms were sub-
stantially lower than in our study (e.g. fever and chest pain reported in 38.1% and 37.0%
versus 57.7% and 78.7%, respectively) and the distributions of measurements revealed
less abnormal values." Hence, selective recording of signs, symptoms, and measure-
ments in our study is likely. This might be explained by the fact that GPs both use their
severity assessment to selectively assess these factors in a subset of patients and mainly
report positive or abnormal values. Extrapolating these positivity rates to our data does,
however, not imply that all non-recorded values in our study are negative or normal.

When considering free text variables for use in observational EHR-based prognostic
research, non-recorded values could be considered ‘missing. Proper handling of miss-
ing data and careful consideration of its mechanisms is therefore essential.”” Our study
identifies two issues that might pose a challenge when using free text EHR data for this
purpose: (i) the substantial amount of non-recorded values and (ii) the selective record-
ing of variables. Although the maximum proportion of missing data on variables that
is generally accepted in prognostic studies has been subject of debate, some of the
observed proportions of missingness in our study are likely to pose a challenge when
applying techniques such as multiple imputation (MI).'*'® Selective recording could
potentially be even more problematic, since this might violate assumptions regarding
the type of missingness that should be met before applying Ml (Box 1).19 In our study,
we identified several variables (i.e. consultation type, diagnosis, and immediate antibiotic
treatment) that are associated with the proportion of missingness - indicating MAR - and
it is likely that even more observed variables are associated with the level of missingness.
For example, our observation that signs, symptoms, and measurements are presumably
recorded more often in case of positive or abnormal findings might indicate MNAR, which

|19

violates one of the assumptions of MI.”” Alternative methods for handling incomplete
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recording of variables could be by considering missing values as ‘negative’ or 'normal’ (i.e.
zero imputation) or to include a missing indicator.”>*' However, when such variables are
eventually included in a prediction model their assessment becomes routine care, and
GPs will increasingly assess (and record) negative or normal values inherently altering
the mechanism of missingness. This may lead to changing predictor effects, which is also
referred to as ‘the curse of knowing’*

Box 1. Different types of missing data
Missing data is commonly classified into three distinct types':

e Missing completely at random (MCAR; i.e. no systematic differences between
observed and missing values)

e Missing at random (MAR; i.e. systematic differences between observed and
missing values which can be explained by other variables in the observed data)

e Missing not at random (MNAR; i.e. systematic differences between observed
and missing values remain after taking other variables in the observed data
into account).

Strengths and limitations

Strengths of our study include the large sample that was derived from a cohort repre-
sentative of Dutch adult primary care LRTI patients, the selection of relevant signs,
symptoms, and measurements that was based on a recent systematic review, and the
manual annotation of the variable values from free text EHR data by two authors with
high inter-rater reliability.

Some important limitations should, however, be recognized. First, our study should fore-
most be regarded as an exploratory analysis of the completeness of recording in free text
primary care EHR data, and it was not our aim to draw strong conclusions regarding the
value of free text EHR data for future research. Nevertheless, we believe our results to be
relevant as they highlight some important issues to consider when using free text EHR
data in research. Second, it is important to emphasise that the absence of recorded signs,
symptoms, and measurements does not necessarily imply that these were not assessed
by the GP. It is likely that GPs do not routinely register all information that has been
acquired during a consultation while our findings are solely based on recorded data.
Therefore, no firm conclusions should be drawn regarding the patient characteristics that
GPs routinely assess in primary care LRTI patients. Third, our findings only reflect routine
primary health care for LRTI patients during regular working hours, since we did not
include out-of-hours consultations. However, even in acutely ill patients presenting to
out-of-hours primary care facilities vital parameters such as respiratory rate are often not
measured according to a previous report.” Lastly, our data do not include information on
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the course of the LRTI episodes and whether adverse outcomes such as hospitalisation
or mortality occurred. As these are objective indicators of disease severity, it would have
been valuable to assess the association between the recording of signs, symptoms, and
measurements and adverse outcomes.

Implications for future research

In spite of the descriptive nature of this study, our findings are relevant to other future
EHR-based research aiming to include free text variables. Before applying natural
language processing to free text EHR data, it is important to gain insight into the com-
pleteness of recording of free text variables and identify potential challenges that come
with its use. Our findings imply that, prior to including free text variables, recording
patterns should be carefully assessed and appropriate missing data handling techniques
should be considered based on these patterns. To place our findings in the context of
future (prognostic) research and highlight the challenges of using free text EHR data for
validating existing prediction models, we have used the CRB-65 model as an illustrative
example in Box 2. Nevertheless, the potential value of information captured in free text
fields justifies further exploration.* Therefore, to properly assess the added value of free
text variables in prognostic research, future studies should compare the performance of a
prediction model developed with only structured data to a model that also includes free
text predictors using appropriate methods®, and with proper handling of missing data
depending on recording patterns and how the model will be applied in practice.
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Box 2. Recording of CRB-65 predictors: an illustrative example

To place our findings in the context of future (prognostic) research and highlight
the challenges of using free text EHR data for validating existing prediction mod-
els, we summarised the recording of CRB-65 predictors (a model developed to
predict mortality in pneumonia patients) on a patient level. In our sample, there
was no missing data on age, but confusion (3.5%), respiratory rate (5.7%), and
blood pressure (17.5%) were all incompletely recorded. Overall, 778 (77.8%) LRTI
patients only had information on age available whereas four (0.4%) had complete
recording of CRB-65 items. Due to the substantial amount of non-recorded values
(i.e. equivalent to missing data since this information is not available elsewhere),
external validation of CRB-65 using EHR-data is challenging and would require
tailored missing data handling techniques based on the observed recording pat-
terns and underlying assumptions. For example, one could argue to consider non-
recorded values of confusion as ‘negative’ or ‘normal’’' Whether this assumption
also holds for non-recorded values of respiratory rate and blood pressure might be
less certain.
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Recorded 4 (0.4%) 20 (0.2%) Recorded

Missing 15 (1.5%) 136 (13.6%) Recorded

Recorded 2(0.2%) 31 (3.1%) Missing

Missing 14 (1.4%) 778 (77.8%) Missing

Recorded Missing

Figure. Recording of CRB-65 predictors on a patient level based on manual annotation
of 1,000 primary care LRTI consultations.
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Objectives To develop and validate a model that predicts individual risk of 30-
day all-cause hospitalisation or mortality in patients presenting to their general
practitioner (GP) with a lower respiratory tract infection (LRTI), and to evaluate
the incremental predictive value of cardiometabolic disease (CMD) for these
outcomes.

Design Prediction model development, internal and external validation study,
using large electronic health records (EHR) based general practice cohorts linked
to hospitalisation and mortality data.

Setting General practice.

Participants Two EHR-based cohorts of patients aged >40 years with a GP diag-
nosis of LRTI. The pre-pandemic development cohort comprised 11,065 patients
from the region of Utrecht, the Netherlands, diagnosed with an LRTI between 2016
and 2019. The post-pandemic external validation cohort comprised 6,284 patients
from the region of Amsterdam, the Netherlands, diagnosed with an LRTI between
2022 and 2023.

Main outcome measures All-cause hospitalisation or mortality within 30 days
from LRTI diagnosis.

Results The outcome occurred in 863 (7.8%) patients of the development
cohort and 717 (11.4%) of the external validation. The final prediction model
included: age, sex, number of CMD, medical history (pneumonia, malignancy,
lung disease (COPD or asthma), dementia, and hospitalisation <1 year), influenza
vaccination <1 year, antibiotic prescription <1 month, current medication use
(immunosuppressants, inhalation medication, and antidepressants), and diagnosis
of pneumonia. External validation yielded a c-statistic of 0.71 (0.69 to 0.73), a
calibration intercept of 0.28 (0.20 to 0.36), and a calibration slope of 0.95 (0.85 to
1.05). Predicted risks ranged from 1.5% to 51.3% (median 6.9%). The incremental
predictive value of CMD beyond age and sex was low (Dc-statistic +0.02).

Conclusions The developed prediction model holds promise to aid GPs by iden-
tifying LRTI patients at highest risk of 30-day hospitalisation or mortality. Before
adoption in everyday general practice, future research should assess the impact of
model application on individual patient outcomes.
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INTRODUCTION

Community-acquired lower respiratory tract infections (LRTI) are a common reason for
general practitioner (GP) consultation."? Although uncomplicated LRTIs are usually self-
limiting with limited benefit of antibiotic treatment,** adverse outcomes such as hospi-
talisation or mortality occur more often in complicated LRTIs, notably in patients with
community-acquired pneumonia (CAP).> However, distinguishing patients with CAP from
uncomplicated LRTI is challenging in general practice,*” leaving GPs with uncertainties
on how to identify LRTI patients with poor prognosis.

Several prognostic factors for hospitalisation and mortality in LRTI patients presenting
to general practice have been established,” and concurrent cardiometabolic disease
(CMD) - e.g. cardiovascular disease and diabetes — has particularly been linked to poor
prognosis.>®® In contrast to individual prognostic factors, which do not directly translate
into absolute risks and are thus difficult to interpret in a clinical setting, prediction mod-
els that estimate individual risk of adverse outcomes can assist GPs in identifying LRTI
patients with poor prognosis, and may inform subsequent management decisions to
mitigate this risk. However, a prediction model that can be applied for this task in general
practice is currently lacking.?

In this study, we therefore aimed to develop, internally, and externally validate a predic-
tion model that estimates individual risk of 30-day all-cause hospitalisation or mortality
in adult LRTI patients presenting to general practice. We used large cohorts based on
electronic health records (EHR) data and applied an incremental value approach, which
allowed us to determine the incremental predictive value of CMD and select the most
optimal model for external validation.

METHODS

While reporting this study, we adhered to the prediction model risk of bias assessment
tool (PROBAST+AI) criteria and transparent reporting of a multivariable prediction model
for individual prognosis or diagnosis (TRIPOD+AI) statement.'®"

Study design, setting, and participants

The design of this model development and validation study, including sample size calcu-
lations, has been reported in detail elsewhere.'?In short, two cohorts were constructed
from two large general practice EHR databases, covering data on patient demographics,
consultation, coded disease episodes and medical history (using the International Clas-
sification of Primary Care (ICPC)™), prescriptions (using Anatomical Therapeutic Chemical
(ATC) codes'), measurements (e.g. blood pressure or respiratory rate, when reported),
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and laboratory results. The development cohort was derived from the Julius General
Practitioners’ Network (JGPN)" in the region of Utrecht, the Netherlands and comprised
patients aged =40 years presenting to their GP with an LRTI (defined as an ICPC diagnosis
code of either acute bronchitis (R78) or pneumonia (R81)) between 1 January 2016 and
31 December 2019. The validation cohort was derived from the Academic Network of
General Practitioners Amsterdam (ANHA)'® — which has a similar data structure and cover-
age as JGPN - and comprised similarly selected LRTI patients presenting to primary care
in a post coronavirus disease 2019 (COVID-19) pandemic period, i.e. between 1 January
2022 and 1 December 2023, with the remaining 30 days in 2023 only used for follow-up.
For both cohorts, only the individual’s first LRTI episode during follow-up was included.
Subsequently, the general practice databases were linked to data on hospitalisation
(Dutch Hospital Data (DHD)) and mortality (Statistics Netherlands (CBS)) on a patient
level, resulting in a comprehensive database covering the full trajectory of the included
LRTI episodes.

Outcome

Prediction models were developed estimating absolute individual risk of all-cause hospi-
talisation or mortality within 30 days from GP diagnosis of LRTI (yes/no).

Candidate predictors

Selection of candidate predictors was based on a recent systematic review and clinical
expertise.’ The following candidate predictors were included in the model development
process: patient demographics (age and sex), CMD (i.e., a history of diabetes, heart failure,
ischaemic heart disease, stroke, transient ischaemic attack (TIA), pulmonary embolism,
deep venous thrombosis, atrial fibrillation, and peripheral artery disease), medical his-
tory other than CMD (history of pneumonia, non-dermatological malignancies, chronic
obstructive pulmonary disease (COPD), asthma, dementia, and hospitalisation <1 year),
influenza vaccination <1 year, antibiotic prescription <1 month, current medication use
(immunosuppressants, inhalation medication, and antidepressants), and type of LRTI
diagnosis code (i.e., either acute bronchitis or pneumonia). In addition, some candidate
predictors were automatically extracted through EHR-based algorithms, including
the number of GP-consultations in the previous year, smoking status (retrieved by text
mining of free text consultation data'’), and a frailty index for those =60 years based on
structured EHR data."® All candidate predictors were measured on the day of GP diagnosis
of LRTI (i.e. moment of prediction). An overview of all candidate predictors and their
definition is presented in the Supplementary Table 1 (Table S1).

Missing data

Missing data on patient demographics, frailty index (calculated based on registered EHR-
codes) and number of GP-consultations in the previous year were not anticipated. The
absence of registered medical history, comorbidities, and prescriptions was considered
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as the absence of the condition or medication use. Candidate predictors retrieved with
EHR-based algorithms are ideally incorporated in a model that runs on EHR input data,
which would produce a pattern of missingness similar to our data. Therefore, a missing
indicator was considered appropriate in the case of missing values for smoking status.

Statistical analysis

Characteristics of the development and validation cohorts were descriptively sum-
marised. An incremental value approach was adopted during model development, which
allowed us to evaluate the added predictive value of adding extra sets of candidate
predictors to the model. To account for possible non-linearity of continuous candidate
predictors, restricted cubic splines (RCS) were considered using four knots on the percen-
tiles 0.05, 0.35, 0.65, and 0.95. The prediction models were developed using multivariable
elastic net penalised logistic regression, which accounts for both predictor selection and
shrinkage of their coefficients. Hyperparameter tuning was performed using 10-fold
cross-validation to determine the optimal regularisation penalty.

The model development process comprised four steps (Figure 1). First, in step 1, a basic
model - including age, sex, and an interaction term - was fitted, and the optimal model-
ling strategy for age was examined (i.e., linear or using RCS). Second, the incremental pre-
dictive value of CMD was explored by adding CMDs to the modelling process, modelled
as both separate candidate predictors and as a cumulative number of CMDs (0, 1, or =2)
to find the optimal modelling strategy; step 2. Third, in step 3, a clinical model was fitted
adding all other candidate predictors that are readily available for GPs in everyday clini-
cal practice. Lastly, a full EHR-based model - adding number of GP-consultations in the
previous year, smoking status, and frailty index to the clinical model - was fitted, while
examining the optimal modelling strategy for the added continuous candidate predic-
tors (i.e. linear or using RCS); step 4. During each step the fitted models were internally
validated by 1,000 bootstrapping samples, and model performance was assessed based
on measures of discrimination (c-statistic), calibration (intercept and slope), and the
range of predicted risks with accompanying 95% confidence intervals where appropriate.
The final model, to be used in subsequent validation procedures of this study, was chosen
out of the four developed models based on model performance at internal validation and
complexity (e.g. a more complex model with only a slight increase in performance might
not be preferable).

To assess heterogeneity of predictor effects by time, temporal internal-external cross-
validation (IECV) of the final model was performed by repeating the complete model
development procedure in the development cohort while leaving one year out at a time
and subsequently validating the model in the year that was left out. Heterogeneity in
model discrimination and calibration was assessed visually through forest plots and by
fitting random effects models to calculate pooled performance estimates.
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Lastly, the final model was externally validated in the post-pandemic ANHA cohort. Mea-
sures of discrimination and calibration, and the range of predicted risks were evaluated.

All analyses were performed in R version 4.4.3."°

Patient and Public Involvement

A patient representative was consulted throughout all phases of this study, providing
input to the initial research idea, design of the study, and interpretation of the results to
assure these aligned with the patient’s perspective.
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Table 1. Characteristics of model development and validation cohort

Development cohort Validation cohort

Characteristic Total With outcome Total With outcome
n (%) 11065 863 (7.8) 6284 717 (11.4)
Median age (IQR) 64 (53 -74) 70 (61-78) 66 (55 - 76) 72 (62 -81)
Female sex, n (%) 6206 (56.1) 451 (52.3) 3575 (56.9) 395 (55.1)
LRTI diagnosis, n (%)

Acute bronchitis 547 (41.1) 164 (19.0) 1858 (29.6) 79 (11.0)

Pneumonia 6518 (58.9) 699 (81.0) 4426 (70.4) 638 (89.0)
Year, n (%)

2016 2720 (24.6) 196 (22.7) - -

2017 2555 (23.1) 186 (21.6) - -

2018 3065 (27.7) 237 (27.5) - -

2019 2725 (24.6) 244 (28.3) - -

2022 - - 3089 (49.2) 367 (51.2)

2023 - - 3195 (50.8) 350 (48.8)
Median frailty index (IQR) 0.18 (0.0 -0.32) 0.30 (0.0 - 0.40) 0.18(0.0-0.30) 0.26 (0.14 - 0.36)
Smoking status, n (%)

Current 3053 (27.6) 271(31.4) 1762 (28.0) 211(29.4)

Former 2409 (21.8) 204 (23.6) 1501 (23.9) 195 (27.2)

Never 2238(20.2) 144 (16.7) 1334 (21.2) 112 (15.6)

No information 3365 (30.4) 244 (28.3) 1687 (26.8) 199 (27.8)
Comorbidities, n (%)

Diabetes 578 (5.2) 67 (7.8) 246 (3.9) 37 (5.2)

Malignancy 1073 (9.7) 154 (17.8) 756 (12.0) 133 (18.5)

Dementia 526 (4.8) 68 (7.9) 498 (7.9) 84 (11.7)

COPD or asthma 2279 (20.6) 239 (27.7) 1414 (22.5) 188 (26.2)
Number of CMD, n (%)

0 7859 (71.0) 498 (57.7) 4199 (66.8) 348 (48.5)

1 2161 (19.5) 211 (24.4) 1366 (21.7) 232 (32.4)

>2 1045 (9.4) 154 (17.8) 719(11.4) 137 (19.1)
Medical history, n (%)

Pneumonia 3462 (31.3) 340 (39.4) 2079 (33.1) 282(39.3)

Hospitalisation <1 year 2387 (21.6) 388 (45.0) 1377 (21.9) 291 (40.6)
Median number of GP-
consultations <1 year 8(3-15) 12(6-21) 5(1-12) 8(2-17)
(IQR)
Medication use, n (%)

Immunosuppressant 118 (1.1) 16 (1.9) 125 (2.0) 18 (2.5)

Inhalation medication 806 (7.3) 102 (11.8) 358 (5.7) 39(54)

Antidepressant 649 (5.9) 68 (7.9) 363 (5.8) 52(7.3)

Antibiotics <1 month 804 (7.3) 116 (13.4) 482 (7.7) 88(12.3)
Infl inati
nfluenza vaccination 3327 (30.1) 328 (38.0) 1880 (29.9) 252(35.1)

<1year, n (%)

IQR, interquartile range; LRTI, lower respiratory tract infection; COPD, chronic obstructive pulmonary
disease; CMD, cardiometabolic disease; GP, general practitioner.
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RESULTS

Cohort characteristics

The development cohort comprised 11,702 LRTI patients of whom 11,065 (94.6%) could
be linked to hospitalisation and mortality registries. Among these, 863 (7.8%) were hos-
pitalised or died within 30 days after diagnosis (Table 1). All-cause hospitalisation and
mortality occurred in 859 (7.8%) and 21 (0.2%) of the participants, respectively, and the
median time to the composite outcome was 4 days (IQR 0 - 14.5) (Figure S4). The median
age was 64 years (IQR 53 - 74), and 6,206 (56.1%) were female. Pneumonia was registered
as LRTI diagnosis in 6,518 (58.9%) participants.

The validation cohort comprised 6,513 LRTI patients, of whom 6,284 (96.5%) could be
linked to hospitalisation and mortality registries. Among these patients, 717 (11.4%)
outcomes were registered: 679 (10.8%) participants were hospitalised and 73 (1.2%) died
within 30 days from LRTI diagnosis, and the median time to the composite outcome was
3 days (IQR 0 to 12) (Figure S4). The median age was 66 years (IQR 55 - 76), 3,575 (56.9%)
were female, and pneumonia was diagnosed in 4,426 (70.4%) participants.

Missing data

There was no missing data on patient demographics or number of GP consultations in
the previous year. Based on text mining of free-text consultation data, there was no in-
formation on smoking status of 3,365 (30.4%) participants from the development cohort
and 1,687 (26.8%) participants from the validation cohort.

Stepwise model development and internal validation

Apparent performance of the developed models is presented in the Supplementary
Table 2 (Table S2). Model performance was stable upon internal validation by bootstrap-
ping (Table 2). The basic model in step 1 showed similar performance for both modelling
strategies of age: linear versus RCS resulted in a c-statistic of 0.61 (0.59 to 0.63) versus
0.62 (0.59 to 0.63), respectively, with a calibration intercept of 0.00 (-0.07 to 0.07) and a
calibration slope of 1.04 (0.86 to 1.23) for both modelling strategies. The basic model with
the lowest number of regression coefficients — with age modelled linear — was therefore
used in subsequent steps of the development process. The two strategies for modelling
CMD (as separate candidate predictors or a cumulative number) in step 2 also resulted in
similar model performance: c-statistics of 0.63 (0.61 — 0.65) and calibration intercepts of
0.00 (-0.07 to 0.07) were similar for both modelling strategies, with a calibration slope of
1.04 (0.88 to 1.20) and 1.04 (0.88 to 1.19) for cumulative and separate CMD, respectively.
Although predicted risks increased with the cumulative number of CMDs (Figure 2), the
incremental predictive value of CMD was low: Dc-statistic +0.02 without improvement
of model calibration (Figure S5). The CMD model including the cumulative number of
CMDs was carried forward in the development process based on the (lower) number of
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regression coefficients and model simplicity. In step 3, model performance increased
after adding the candidate predictors of the clinical model, with a c-statistic 0.73 (0.71 to
0.74), a calibration intercept 0.00 (-0.07 to 0.07), and a calibration slope 1.03 (0.94 to 1.12).
The two EHR models in step 4 — with additional continuous candidate predictors mod-
elled as either linear or with RCS - showed similar performance compared to the clinical
model, with c-statistics 0.74 (0.72 to 0.75), calibration intercepts 0.00 (-0.07 to 0.07), and
calibration slopes 1.03 (0.94 to 1.11) for both models. Considering overall model perfor-
mance, the range of predicted risks and model complexity, the clinical model of step
3 was considered the most optimal and therefore final model to continue the model
validation process. The final model consisted of 14 parameters: age, an interaction term
between age and sex, number of concurrent CMDs, history of pneumonia, malignancy,
lung disease (defined as COPD or asthma), dementia, hospitalisation <1 year, influenza
vaccination <1 year, antibiotic prescription <1 month, use of immunosuppressants, use of
inhalation medication, use of antidepressants, and GP diagnosis of pneumonia.

Male Female

Number of CMD
0.15- — 0

1

Predicted risk

_— > 2

40 03.ﬂ 80 100 ;"]
Age (years)
Figure 2. Risks predicted by CMD 1 model across age, sex, and number of CMD

Individual predicted risks by the CMD 1 model, based on all possible combinations of predictor
vales for age, sex, and number of CMD. CMD, cardiometabolic disease.

In the development cohort, risks predicted by the final model ranged from 1.5% to 53.4%
(median: 5.9%) (Figure 3A). Linear predictors and apparent model calibration curves
of all developed models are presented in the Supplementary materials (Table S3 and
Figure S6).
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Development cohort

500

LRTI patients (n)

0.0 0.2 0.4 0.6

Validation cohort

800

Predicted risk

600

400

LRTI patients (n)

200

00 02 04 06

Predicted risk

Figure 3. Individual risks predicted by the final model in the development (A) and validation (B)

cohort

Temporal IECV

Upon temporal IECV of the final model, discriminative performance was stable over the
model development study period, with a random effects pooled c-statistic of 0.72 (0.70
to 0.74) (Figure 4A). Model calibration was also fairly stable over the model development
years, with random effects pooled estimates of the calibration intercept at 0.00 (-0.06 to
0.07) (Figure 4B) and slope at 0.98 (0.84 to 1.13) (Figure 4C).
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[4]

Validation year n Outcomes C-statistic (95% ClI)
2016 2720 196 L 0.71[0.69, 0.73]
2017 2555 186 - 0.691[0.67,0.71]
2018 3065 237 - 0.74[0.72,0.75]
2019 2725 244 - 0.74[0.72,0.75]
RE pooled estimate <+ 0.72[0.70,0.74]

I T 1

05 075 1
C-statistic

Validationyear n Outcomes Calibration intercept (95% CI)

2016 2720 196 i 0.04[-0.03,0.11]

2017 2555 186 - -0.06[-0.14, 0.01]

2018 3065 237 . -0.05[-0.11,0.02] ":

2019 2725 244 - 0.08[0.01,0.14] ‘2
g

RE pooled estimate == 0.00[-0.06, 0.07]

T T 1 1
05 0 025 05

Calibration intercept

Validation year n Outcomes Calibration slope (95% CI)

2016 2720 196 i 0.97[0.87, 1.06]
2017 2555 186 i 0.79[0.71,0.88]
2018 3065 237 i 1.15[1.06, 1.24]
2019 2725 244 —— 1.02[0.94, 1.10]
RE pooled estimate = 0.98[0.84, 1.13]
| E—
05 1 15

Calibration slope

Figure 4. Results of temporal IECV of the final model

Forests plots of random effects models fitted by developing the final model in three years from the
2016 - 2019 period and subsequently validating the model in the year that was left out, for every
year separately. Random effects pooled estimates of c-statistic (A), calibration intercept (B), and
calibration slope (C).

Cl, confidence interval; RE, random effects.
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External validation

Upon external validation of the final model in the post-pandemic validation cohort, the
c-statistic was 0.71 (0.69 to 0.73) with a calibration intercept of 0.28 (0.20 to 0.36) and
slope 0.95 (0.85 to 1.05). Visual inspection of the flexible calibration curve indicated
some underprediction in the lower risk strata up to predicted risks of approximately 0.20
(Figure 5). Predicted risks in the validation cohort ranged from 1.5% to 51.3% (median
6.9%) (Figure 3B).

07 -
| Ill “||||||[|-'1"" t 0
06 e
-7
c "
S 05 Lo
g -
2 ~
S 04
=
o
o 0.3 _———
o - et e
2 -
S 02
8 : Model discrimination:
o) C-statistic 0.71 (0.69 t0 0.73)
01 Model calibration:
Intercept 0.28 (0.20 to 0.36)
Slope 0.95 (0.85 to 1.05)
00 -
I T I I I T I T

0.0 0.1 0.2 03 04 0.5 0.6 0.7

Estimated probability

Figure 5. Calibration curve of external validation of the final model

Flexible calibration curve of external validation of the final model with summary model
discrimination and calibration statistics: 0.71 (0.69 to 0.73), calibration intercept 0.28 (0.20 to 0.36)
and slope 0.95 (0.85 to 1.05).

DISCUSSION

In this study, we developed, internally, and externally validated an EHR-based prediction
model estimating individual risk of all-cause hospitalisation or mortality within 30 days in
adult LRTI patients presenting to general practice. Albeit included as one of the predic-
tors, the incremental predictive value of concurrent CMD beyond age and sex was low.
Indeed, predictive performance was higher when including additional clinical variables
beyond CMD. External validation of our final model in a recent post-pandemic cohort
showed promising predictive performance, with predicted risks ranging up to 51.3%. The
final model includes 14 predictors readily available from EHR: age, sex, number of concur-
rent CMDs, history of pneumonia, malignancy, lung disease (COPD or asthma), dementia,
hospitalisation <1 year, influenza vaccination <1 year, antibiotic prescription <1 month,
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use of immunosuppressants, use of inhalation medication, use of antidepressants, and
GP diagnosis of pneumonia.

Strengths of this study include the state-of-the-art prediction modelling methods that
were applied - using a step-wise and incremental value approach for model develop-
ment and a rigorous validation process of the final model - and the use of two large
EHR-based cohorts of LRTI patients presenting to general practice linked to hospitalisa-
tion and mortality data on a patient level, with external validation in a post-pandemic
cohort. Our results are therefore applicable to the current clinical context of LRTI, with
SARS-CoV-2 as persistent cause of LRTI among other pathogens.

Nevertheless, some limitations deserve mentioning. First, EHR data are not primarily col-
lected for research purposes, and codes may be inaccurately or incompletely registered.
Its use to select LRTI patients and define candidate predictors therefore potentially intro-
duced misclassification.”®*' As a result, predictor effects will likely differ when used with
prospectively collected patient data (e.g. as a ‘scoring rule’), and the developed model
should thus be integrated in the EHR environment, with similar patterns of misclassifica-
tion.”” Second, although plausibly important as well, presenting signs and symptoms
were not included as predictors in this study, since these are captured in EHR clinical
notes and would require advanced natural language processing (NLP) techniques for data
extraction. Third, we did not explicitly include asthma and COPD exacerbations - part of
LRTI definitions in related studies**® - in the study population, as there is no separate
ICPC-code that distinguished asthma and COPD exacerbations from asthma and COPD
follow-up consultations. Model performance should therefore be carefully evaluated in
patients presenting to general practice with asthma and COPD exacerbations before the
model can be applied to this population. Lastly, the outcome definition was broad, in-
cluding all-cause hospitalisation, and outcomes in our study may have therefore included
non-acute hospitalisations as well. However, this outcome definition allowed us to also
include clinically relevant deterioration of non-respiratory conditions (e.g. heart failure,
functional decline in patients with malignancies) as adverse outcome following LRTI.

Previously developed models to predict adverse outcomes in LRTI patients presenting to
general practice include CRB-65 (confusion, respiratory rate, blood pressure, and age =65
years) and a model developed by Bont et al.***’ The current UK general practice guideline
on CAP suggests using CRB-65 in addition to clinical judgement to determine disease
severity.”® It has, however, been developed to predict 30-day all-cause mortality in hos-
pitalised patients with CAP, without proper validation or impact assessment for use in a
general practice setting.’ Predictors of the model developed by Bont et al. were included
in the prediction model that was developed and validated in this study.
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The model developed in this study showed promising predictive performance and
can identify LRTI patients presenting to general practice with a clinically relevant risk
of adverse outcomes. It could therefore aid GPs in the clinical decision-making process
for patients with LRTI, in addition to clinical judgement, by tailoring close monitoring
strategies or early intervention. However, before adoption in general practice, the impact
of applying our model on individual patient outcomes, e.g. hospitalisations or antibiotic
prescriptions, should be evaluated in an impact study.”*° Of note, this study focused
on prediction, not on causal inference. The predictors included in our multivariable
prediction model should therefore not be explained as individual risk factors’ as this
will lead to unsubstantiated claims of causal effects.*'*? With recent advancements in
the field of NLP, future research may also focus on the incremental predictive value of
adding presenting signs and symptoms retrieved from EHR clinical notes to the current
model.****
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Figure S4. Days between LRTI diagnosis and hospitalisation or mortality in the model development
cohort (A) and validation (B) cohort

Due to output restrictions of CBS, which do not allow to present data based on less than 10
individual observations, values below 10 have been indicated as ‘<10’ in this figure with a column
size corresponding to 10.
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ROC curves of apparent model
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Figure S5. Visual representation of apparent model discrimination (c-statistic) performance of
basic 1, CMD 1, and clinical models

ROC, receiver operator characteristic; CMD, cardiometabolic disease.
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Figure S6. Flexible calibration curves of apparent model performance of all developed models

Apparent performance measures and flexible calibration curves in the development cohort of all
developed models.

CMD, cardiometabolic disease; EHR, electronic health records.
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Electronic health records (EHRs) provide a large source of data that can be used
for research purposes. Extraction of information from unstructured clinical notes
in EHRs can be automated by large language models (LLMs). Although LLMs are
promising for this task, challenges remain in reliable application of LLMs to EHR,
including the lack of development and validation for languages other than Eng-
lish. Here, we identified Dutch LLMs and compared their performance in a case
study. We selected the MedRoBERTa.nl and RobBERT models based on local ap-
plicability, Dutch language compatibility, and model architecture. We evaluated
their performance in a case study on the extraction of signs and symptoms from
comprehensive Dutch primary care EHRs of patients with a lower respiratory tract
infection. Using manually annotated clinical notes, models were trained as direct
and prompt-based classifiers with varying amounts of training samples. Perfor-
mance was expressed by precision, recall, and F1-score. The MedROBERTa.nl and
RobBERT models showed good performance as direct classifiers, with a macro-
averaged F1-score of 0.74 (range 0.56-0.87) and 0.69 (range 0.46-0.86) using 1600
training samples, respectively. The prompt-based classifiers performed worse with
F1-scores of 0.08 (range 0.02-0.30) and 0.08 (range 0.02-0.22), respectively. In gen-
eral, performance of the models was negatively affected by class imbalance and
missingness of signs and symptoms. A minimum of 800 annotated training sam-
ples were required to obtain sufficient performance. The selected LLMs showed
good performance as direct classifiers in extracting signs and symptoms from
Dutch primary care EHRs. However, prompt-based models require performance
improvement by further prompt engineering, and caution is warranted with im-
balanced or partially missing EHR data.MedROBERTa.nl and RobBERT models, used
as direct classifiers, can be considered for clinical research to extract information
from clinical notes from Dutch primary care EHRs, potentially reducing manual
annotation time and accelerating real-world research and evidence generation.



LLMs for Dutch EHR clinical notes

INTRODUCTION

Electronic health records (EHRs) are increasingly used in clinical research as they form a
valuable source of information on patients and health care use.’ Generally, EHRs contain
structured data, such as disease codes and demographics, and unstructured data, such as
clinical notes.? While structured data can easily be retrieved, a large amount of valuable
information is described by clinicians in unstructured data as narrative, free text in clinical
notes. Manual screening of these clinical notes to retrieve information for research pur-
poses is laborious and costly.

To facilitate extraction of unstructured data from clinical notes, natural language process-
ing (NLP) techniques have been developed to automate information extraction for a
wide range of EHR extraction tasks."” Current growth in NLP techniques for extraction
mainly involves the fast-paced development of large language models (LLMs), which are,
in contrast to more simple NLP techniques, able to process texts in a more context-aware
manner.* These NLP techniques have already shown promising performance in extracting
data from clinical notes in a wide range of studies and extraction targets such as specific
clinical conditions’, chronic diseases®, symptoms’, or social determinants of health®.

Given the potential of LLMs to automatically extract unstructured EHR data, several areas
of clinical research - such as prognostic prediction model studies — could benefit. Prog-
nostic prediction modelling could be improved by applying LLMs to automatically ex-
tract large numbers of eligible patients, (candidate) predictors, and outcomes from EHRs.
Using LLMs, study sample sizes can thus be increased and predictors reported or hidden
in unstructured data can be included. This can subsequently improve the performance
and the generalizability of the prediction model.’

Still several challenges remain for reliable extraction of data from clinical notes in EHRs
by LLMs. For example, EHR data are not developed for research purposes and therefore
the information in clinical notes tends to contain abbreviations, grammatical errors,
ambiguous language and incomplete or selective information, which could negatively
impact the LLM’s extraction performance.'®"" In addition, training and validating LLMs for
extraction often requires manually annotated clinical notes, which are costly to obtain
and therefore only available in small amounts.”® Furthermore, the best performing LLMs
are only available online and therefore not locally applicable in secured environments
where EHR data are stored, which is crucial for the confidential data present in EHRs. And
finally, LLMs are mostly developed for the English language'?, but the majority of patients
worldwide receive care in other languages, creating a need for locally trained LLMs. Al-
though development is growing for other languages", relatively little is known about the
performance of LLMs for most languages including the application of LLMs to EHR notes
in Dutch language.
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We address these issues by exploring the performance of locally applicable LLMs for
extraction of data from Dutch EHRs. We gain insight on the potential of LLMs for the
extraction of EHR data to be used in, for example, prediction model research. First, we
performed a literature search for locally applicable LLMs available for Dutch clinical texts.
Subsequently, we applied the selected models to extract signs and symptoms from EHR
data of adult patients presenting to primary care with a lower respiratory tract infection
(LRTI), which are the target predictors for a prediction modelling case study described
elsewhere.'* We additionally estimated the sample size of the training data needed for
sufficient LLM performance.

MATERIALS & METHODS

Case study: predicting 30-day hospitalisation or mortality in primary
care LRTI patients

We evaluated the performance of Dutch LLMs in a case study aiming to extract nine signs
and symptoms from EHR data of adult LRTI patients presenting to their general practitio-
ner (GP). These signs and symptoms, summarised in Table 1, are candidate predictors for
a prognostic modelling study aiming to predict individual risk of 30-day hospitalisation
or mortality using EHR data of LRTI patients as described elsewhere." However, data
on signs and symptoms are recorded in unstructured clinical notes and would require
manual extraction for incorporation into such a prediction model. As this would be in-
feasible on large scales, LLMs could be implemented to automatically extract signs and
symptoms from EHR clinical notes from large numbers of patients.

Data

We used data from a sample of 2,000 patients aged =40 years presenting to their GP
with an LRTI between 2016 and 2019 in the region of Utrecht, The Netherlands." The
data were derived from the comprehensive Julius General Practitioners’ Network'®, and
contains both structured (e.g. demographics, medical history, medication use) and un-
structured (e.g. descriptions of signs, symptoms, physical examination) data of the first
GP consultation within an LRTI episode. Unstructured data was covered in ‘subjective’
(patient reported), ‘objective’ (GP reported), ‘evaluation; and ‘plan’ text fields. We used the
subjective and objective texts as our target for extraction, hereafter called ‘clinical notes.
Most clinical notes had between 5 and 100 tokens (words) with an average number of 63

tokens and a few large notes containing up to 240 tokens.

Target variables

The target variables for extraction consisted of both patient and GP reported LRTI signs
and symptoms (Table 1). The clinical notes were manually annotated for these signs and
symptoms in a previous study by Rijk et al.”” Each sign or symptom was annotated for each
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patient as (a) ‘present; (b) ‘absent; or (c) ‘not reported. These annotations functioned as
the reference standard for the LLM. The LRTI signs and symptoms show a strong variation
in class imbalance/prevalence (i.e., some occur more rarely across patients than others)
as well as missingness (i.e., some signs and symptoms are often not reported) (Table 1).

Table 1. Recording of signs and symptoms in clinical notes from EHR of 2,000 primary care LRTI
patients, that are targets for extraction by the LLMs, from Rijk et al. (2024).

Overall Recorded as‘present” Recorded as‘absent’ Not recorded, %

[overall], % [overall], %
Patient reported [Dutch]
Cough [Hoesten] 76.8 98.2 [75.4] 1.8[1.4] 23.2
Fever [Koorts] 583 43.1[25.1] 56.9[33.2] 61.7
S?;;:;j;:’fgi:;;h 514 760[39.1] 24.0[12.3] 586
Sputum [Sputum] 26.2 89.5[23.4] 10.5[2.8] 73.8
Chest pain [Pijn op de borst]  14.7 72.4[10.6] 27.6[4.1] 85.3
Chills [Koude rillingen] 49 92.9 [4.6] 7.100.3] 95.1
Patient or GP reported [Dutch]
Confusion [Verwardheid] 3.1 31.1[1.0] 68.9 [2.7] 96.9
GP reported [Dutch]
[Cc_[fe;kiltf;izf]on auscultation g/ 3 2751232 325[61.1] 15.7
Il appearance [Zieke indruk] ~ 30.3 35.3[10.7] 64.7 [19.6] 69.7

GP, general practitioner; LRTI, lower respiratory tract infections; EHR, electronic health records; LLM,
large language model.
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Possible approaches of LLMs

Generally, there are three approaches to implement LLMs for extraction of EHR data:

¢ Training from scratch: This approach involves completely building the LLM from
the ground up, including designing the architecture of the LLM (in terms of lay-
ers, attention heads, embedding sizes, etc.). This allows for complete freedom in
designing and altering the model which enables to tailor the model to the specific
task at hand, at the cost of (generally) very high computational power needed as
well as vast amounts of training data. In our setting, this computation was not
feasible.

e Using a pretrained model: This is a simple approach in which a model is used
that had previously been trained on either a general dataset or a domain-specific
dataset. The pre-trained model is used as-is and is directly applied to perform
the desired task. Although this approach requires minimal effort and is the most
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straightforward, the model might not perform optimally as it is not optimized for
the specific data and task at hand.

¢ Fine-tuning a pretrained model: This approach involves using a pretrained model
which is then fine-tuned for the specific task at hand by further training the model
with the available data. This allows the model to adapt to the desired task and does
not require an extremely large dataset for training. For these reasons, extending
a pretrained model is often the first choice for LLM-related research in domain-
specific appliances, such as extraction from Dutch EHR data.

Possible implementations of LLMs for classification

For all three approaches described above, the LLMs can subsequently be used for clas-
sification tasks in several ways, of which two common methods are described below:

e Direct classification: In direct classification, a model learns from a set of train-
ing samples (here, clinical notes) to directly discriminate between a fixed set of
predefined classes (here, ‘absent; ‘present;, and ‘not reported’). After training, the
model can be applied to other samples to predict to which class the new sample
would belong (here, to predict for a clinical note if a given sign or symptom is
‘present; ‘absent; or‘not reported’).

e Prompt-based classification: In prompt-based classification, the model is not di-
rectly trained for the classification task, but a so-called conversational LLM is used
and prompted with a natural language prompt that asks the LLM using human
language to classify the text that it is given. For these types of models, one of the
following setup types can be applied:

o Zero-shot classification: The model classifies based solely on a task descrip-
tion.

Example prompt: “Classify whether the patient in this text has fever or
not: [text]”

o One-shot classification: The model classifies based on a task description and
one labelled sample.

Example prompt: ““While the patient coughs constantly, there is no sign

of elevated temperature” => “No fever”. Classify whether the patient in
this text has a fever or not: [text]”
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o Few-shot or multi-shot classification: The model classifies based on a task
description and two or more labelled samples.

Example prompt: ““While the patient coughs constantly, there is no sign
of elevated temperature” => “No fever”. “Fever was confirmed after mea-
suring a temperature of 39.2 degrees Celsius” => “Fever". Classify whether
the patient in this text has a fever or not: [text]”

Our selection, approach, and implementation of LLMs

We first performed a search on Hugging Face (an open-source platform for Al and ma-
chine learning models) to find and select suitable pre-trained LLMs. Our selection criteria
for LLMs included (1) locally applicability, (2) pre-trained, (3) a sufficient and locally com-
putable number of parameters, (4) compatibility with Dutch language, and (5) preferably
familiarized with medical texts (see the entire selection procedure in Appendix A). We
selected two models fulfilling the criteria, MedRoBERTA.nl'” and RobBERT'® (see further
model details in Appendix A).

We approached our task of extracting signs and symptoms from Dutch EHR data by
fine-tuning the selected pre-trained LLMs. We implemented the models in two different
ways for each model: as a direct classifier and as a prompt-based classifier, leading to the
following four model configurations that were evaluated:

e Direct classifier - MedRoBERTa.nl
e Direct classifier - RobBERT
¢ Prompt-based - MedRoBERTa.nl

¢ Prompt-based — RobBERT

Implementing LLMs as direct classifiers

For direct classification, each of the models was trained using the manually annotated
dataset to discriminate between the three classes of ‘present; ‘absent, and ‘not reported:-
We trained each of the models for 5 epochs, a number which we empirically determined
beforehand by assessing the training and evaluation loss of MedRoBERTa.nl after 10
epochs. To additionally evaluate the effect of training sample size on the performance of
the direct classifier LLMs, we varied the number of training samples by 200, 400, 600, 800,
1,000, 1,200, 1,400, and 1,600. The performance of the models was evaluated by 5-fold
cross-validation in which we used fixed folds across each experiment and kept the same
400 samples as the validation set.
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Implementing LLMs as prompt-based classifiers

Before we could use the models as prompt-based classifiers, we had to convert them to
process Dutch prompts and apply those to Dutch EHR data. The following steps were
taken to convert the original models to prompt-based classifiers:

1.

First, we transformed the models to be able to also generate text, as the prompt-
based classifiers predict labels through next token prediction. Therefore, we com-
bined the encoder structure of the original models with the base multilingual BERT
decoder using a Hugging Face Transformers EncoderDecoderModel2 architecture.

Second, all model parameters (including the decoder parameters) were fine-tuned
for three epochs using a dataset of over 100,000 patient-doctor conversations (the
HealthCareMagic-100k dataset'®) which was translated beforehand to Dutch using
the Google Translate API.

After fine-tuning, a prompt could be used in which the multiclass prediction task is
instructed to the model by providing a sample and an instruction to classify based
on some provided samples.

The architecture of our prompts is shown in Box 1 in which the amount of input samples
in the prompt for these models would be varied between 1, 2 or 3 samples.

Box 1. The original Dutch prompt and the translated English prompt that was used for
the prompt-based models to extract the signs and symptoms from the Dutch EHRs.

Original (in Dutch)

Translated from original (to English)

“Classificeer de volgende teksten op basis van de

“Classify the following texts based on the presence
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aanwezigheid van het symptoom ‘hoesten’ als volgt:

Als ‘hoesten’ wordt vermeld als voorkomend bij de
patiént, label het als ‘Aanwezig.

Als ‘hoesten’ wordt vermeld als niet voorkomend bij
de patiént, label het als ‘Niet aanwezig.

Als ‘hoesten’ helemaal niet wordt vermeld in de
tekst, label het als ‘Niet vermeld.

Voorbeeld(en):
<insert samples here>

Print exclusief het label bijbehorende aan de
volgende tekst:
<insert to-be-classified text here>"

of the symptom ‘cough’ as follows:

If ‘cough’ is mentioned as present for the patient,
label this as ‘Present’

If ‘cough’ is mentioned as not present in the patient,
label this as ‘Not present’

If ‘cough’ is not mentioned in the text, label this as
‘Not mentioned’

Example(s):
<insert samples here>

Print only the label corresponding to the following
text:
<insert to-be-classified text here>"

'https://huggingface.co/datasets/lavita/ChatDoctor-HealthCareMagic-100k
*https://huggingface.co/docs/transformers/v4.48.2/en/model_doc/encoder-decoderitransformers.

EncoderDecoderModel
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Performance evaluation

In total, separate LLMs were developed and evaluated for each of the 9 target signs/
symptoms and for each of the training sample sizes, leading to a total of 2 (direct classi-
fiers) * 9 (signs and symptoms) * 8 (training sample sizes) + 2 (prompt-based classifiers) *
9 (signs and symptoms) * 3 (training sample sizes) = 198 models.

To evaluate and compare the performance of the LLMs, we computed the following
metrics and averaged these across the 5-fold cross-validations:

e Precision (P): Precision is the ratio of true positive predictions to the total amount
of positive predictions (a combination of true positives (TP) and false positives
(FP)), i.e. the relative amount of correctly predicted positive samples, and is calcu-
lated by by P = 75" 75

¢ Recall (R): Recall quantifies how well the model is able to identify positive cases,
i.e. all cases where a symptom is present in the text. Recall is calculated using the

formula R = 755 7y ;

e F1-score (F1): The F1-score provides a harmonic mean of precision and recall and
functions as a balanced measure of both metrics. The F1-score is calculated using
the formula F1 = 2222

The performance metrics were computed per-class and as macro-average across classes.

Implementation details

The experiments were conducted in Python v3.11.5 on a virtual computer with 32 GB of
RAM, an Intel(R) Xeon(R) Platinum 8272CL CPU, using an NVIDIA T4 GPU.

RESULTS

Model comparison: MedRoBERTa.nl versus RobBERT

Direct classification

As direct classifiers, the MedRoBERTa.nl and RobBERT models performed similarly in clas-
sifying the presence of LRTI signs and symptoms from the Dutch clinical notes (Fig 1a).
For the MedRoBERTa.nl model at the largest number of 1,600 training samples used, the
obtained recall in direct classification was on average 0.72 (range 0.54-0.86), the preci-
sion 0.76 (range 0.60-0.90), and the F1-score 0.74 (range 0.56-0.87) across the signs and
symptoms. For the RobBERT model at the largest number of 1,600 training samples used,
the obtained recall in direct classification was on average 0.69 (range 0.45-0.84), the
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precision 0.71 (range 0.48-0.89), and the F1-score 0.69 (range 0.46-0.86) across the signs
and symptoms (Appendix B Table A3).

Prompt-based classification

When the MedRoBERTa.nl and RobBERT models were implemented as prompt-based
classifiers, the performance was significantly lower compared to direct classification, and
less similar between the two models (Fig 1b). At the largest number of three samples
used, for the MedRoBERTa.nl model the obtained recall in prompt-based classification
was on average 0.33 (range 0.32-0.34), precision 0.15 (range 0.01-0.34), and F1-score 0.08
(range 0.02-0.30), while for the RobBERT model the obtained recall in prompt-based was
on average 0.33 (range 0.31-0.33), precision 0.06 (range 0.01-0.21), and F1-score 0.08
(range 0.02-0.22) across the signs and symptoms (Appendix B Table A4). For most signs
and symptoms, the prompt-based models conflated to predict one outcome for all data
points. Hence, the recall values of 1.0 for one of the outcomes and close to 0 for the oth-
ers, indicating poor model performance (Fig 1b).

Effect of sign and symptom reporting and class imbalance

Direct classification

The level of reporting of a sign or symptom across the clinical notes significantly impacted
the MedRoBERTa.nl and RobBERT models as direct classifiers in their performance. For
example, in classifying two of the symptoms that were rarely reported, ‘chills’ (reported
in 4.9%) and ‘confusion’ (reported in 3.1%), the models performed worse compared to
more commonly reported signs and symptoms (Fig 1a). Moreover, the degree of class
imbalance (i.e., the balance between ‘present’ and ‘absent’) also seemed to affect the
performance of the models. For example, the extraction of the well-balanced symptoms
of ‘fever’ (43.1% ‘present’ if recorded), ‘ill appearance’ (35.3% ‘present’ if recorded), and
‘crackles upon auscultation’ (27.5% ‘present’if recorded) showed the highest performance
with F1-scores up to 0.87 compared to less balanced symptoms (Fig 1a).

Prompt-based classification

In the prompt-based classification, the RobBERT model performed better at classifying
‘fever’ while the MedRoBERTa.nl model performed better at classifying ‘crackles upon aus-
cultation’ (Fig 1b). For the other signs and symptoms, there were no marked differences
between the two models, but there were some small overall model-independent differ-
ences between the signs and symptoms. However, those differences were not related to
the level of recording of those signs and symptoms in the clinical notes or to the balance
in positive and negative recordings (Fig 1b).
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Effect of training sample size

Direct classification

In direct classification the performance of both models generally increased with an in-
creasing number of training samples (Fig 1a). Recall ranged from 0.33-0.49 (MedRoBERTa.
nl) and 0.26-0.38 (RobBERT) with 200 training samples to 0.54-0.86 (MedRoBERTa.nl) and
0.45-0.84 (RobBERT) with 1,600 training samples, precision ranged from 0.23-55 (Me-
dRoBERTa.nl) 0.23-0.41 (RobBERT) with 200 training samples to 0.60-0.90 (MedRoBERTa.
nl) and 0.48-0.89 (RobBERT) with 1,600 training samples, and F1-score ranged from 0.27-
0.47 (MedRoBERTa.nl) and 0.26-0.38 (RobBERT) with 200 training samples to 0.56-0.87
(MedRoBERTa.nl) and 0.46-0.86 (RObBERT) with 1,600 training samples (Appendix B Table
A3). For both models, the classification performance for some symptoms, such as ‘chills’
and ‘confusion; was generally low and, especially for ‘confusion; did not increase with
more training samples. Generally, models’ performance reached a plateau by a minimum
of 800 training samples (Fig 1a).

Prompt-based classification

When implementing the MedRoBERTa.nl and RobBERT models as prompt-based
classifiers, the number of samples in the prompts (i.e., 1, 2, or 3) did not affect the
performance of the models (Fig 1b). This was similar for both models and across all signs
and symptomes.
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DISCUSSION

We evaluated the performance of two LLMs for the Dutch language, RobBERT and Me-
dRoBERTa.nl, for extracting signs and symptoms of LRTI patients from Dutch EHR data.
Overall, the models performed similarly, but variation was observed across implemen-
tation methods (direct classification outperformed prompt-based classification), across
signs and symptoms that were extracted (higher performance for signs or symptoms
with limited missingness and class-imbalance), and across the sample size of the training
data. Both models showed good performance when implemented as direct classifiers
and trained with sufficient data (at least 800 samples) with F1-scores reaching up to 0.87.

The MedRoBERTa.nl and RobBERT models showed similar overall performance although
we anticipated that the MedRoBERTa.nl model — which was pre-trained on domain-
specific medical data — would outperform RobBERT for the domain-specific task of this
study.”’ However, the RobBERT model was originally trained on larger collections of data'®,
which may explain why this model — not specifically trained on medical data - performed
similarly as MedRoBERTa.nl. This may imply that LLMs pre-trained with large amounts of
general domain data may equally suffice in extracting medical information from EHR data
compared to LLMs trained with smaller amounts of medical domain data. Contrary, in the
study by Muizelaar et al. MedRoBERTa outperformed all other tested models including
RobBERT in classifying reports, suggesting that the performance of models is also context
or task dependent.

For both LLMs, implementation as prompt-based classifier showed significantly worse
performance compared to the direct classifier method. Although conceptually inter-
esting as they only require an instruction and thus avoid the need for costly manually
annotated data, the performance of the prompt-based classifiers in this study was low.
This is possibly due to the limited size of the prompt and the numbers and/or content
of the examples in the prompt, or to the fact that these models were not trained as an
encoder-decoder model from the ground up. In a similar clinical note classification task,
incorporation of a reasoning step as a part of the prompt, in which the model is explicitly
asked to output its stepwise reasoning, did increase performance.”? Further engineering
to optimize prompts may thus be needed to improve the performance of the prompt-
based classifiers.”**

Substantial difference in model performance was also observed across the nine signs and
symptoms that were extracted by the LLMs. For some, such as ‘crackles upon ausculta-
tion; ‘ill appearance; and ‘shortness of breath; the direct classifiers showed promising
performance, while for others the LLMs performed significantly worse. The differences in
performance across signs and symptoms were likely related to class imbalance and miss-
ingness (non-reporting), with worse performance for more imbalanced and/or less often
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reported signs and symptoms. This, however, will remain a problem inherent to EHR data,
despite mitigation methods.” In addition, the variation in performance across the signs
and symptoms may also be partly explained by the amount of variation in descriptions
of signs or symptoms that clinicians use. For example, ‘ill appearance’ and ‘confusion’ may
be reported in a wider variety of descriptions than other signs and symptoms, although
we did not further quantify this nor explored the potential effect on model performance.

As expected, for most signs and symptoms the performance increased with increasing
sample sizes of training data for direct classifiers, while the prompt-based classifiers
showed no difference in performance between the number of training samples. We
found that generally a minimum of 800 training samples is needed to obtain good model
performance, with F1-scores up to 0.87 for some of the signs or symptoms for the Me-
dRoBERTa.nl model. This implies that, with manual data annotation being laborious and
resource-consuming, a relatively limited amount of training samples may suffice to train
LLM:s for an EHR extraction task.

Strengths and limitations

This study is one of the first to evaluate and compare the performance of LLM in extract-
ing signs and symptoms from Dutch unstructured EHR data. Further strengths of this
study include the thorough search for locally applicable Dutch LLMs, the comparison
between direct and prompt-based classifying models, and the large amount of manu-
ally annotated training samples which allowed us to determine the minimally required
sample size of training data. Nevertheless, some limitations should be considered when
interpreting these results. First, although we performed a careful selection with reason-
able selection criteria, we only tested two models in our study. The performance of other
models, especially non-local models that could not be implemented in our EHR setting,
could not be determined. Also, larger models, which could not be run in our environment,
hold promise to significantly improve performance.”®”” Second, we did not extensively
engineer our prompts, which likely explains why the prompt-based classifiers underper-
formed. We did not further elaborate on optimal prompt engineering in this study as our
focus was on the exploration and comparison of currently available models for Dutch
EHR data extraction. Lastly, given the large variability in performance between the signs
and symptoms, the insights of the current study may be highly context specific, and the
performance of the models may not be generalizable to other data or clinical settings.

CONCLUSION

After a thorough search for currently available LLMs for the extraction of signs and
symptoms from Dutch EHR data, we selected the MedRoBERTa.nl and RobBERT models
and compared their performance in a case study. Both models demonstrated good
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performance when implemented as direct classifiers and are therefore promising for the
extraction of signs and symptoms from Dutch unstructured EHR data, while prompt-
based classifiers consistently showed worse performance in our analyses. This study also
found that a minimal training sample size of 800 samples was generally sufficient to train
the models as direct classifiers for extraction of most signs and symptoms. These findings
support the feasibility of using LLMs for scalable and automated symptom extraction
in Dutch clinical research settings. However, model performance varied substantially
across signs and symptoms, with better results for clinically structured and consistently
reported findings, and lower performance for more sparsely documented symptoms. This
highlights the need for clinical awareness when interpreting model outputs and suggests
that symptom-specific strategies may be required. In the context of prediction research,
future studies should assess whether including signs and symptoms that are automati-
cally extracted from Dutch EHR data by LLMs leads to improvement of clinical prediction
model performance and, ultimately, improves prediction of individual patient outcomes’
risks. Moreover, further development in prompt engineering may enhance performance
and thereby reduce the need for costly manual annotations of clinical notes. These steps
are essential to move from technical feasibility to meaningful clinical impact.
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SUPPLEMENTARY MATERIALS FOR CHAPTER 6

A.SELECTION OF LARGE LANGUAGE MODELS

Selection criteria

We defined a set of selection criteria that indicate the suitability of a large language
model (LLM) for the purpose of our study which targets the extraction of data from Dutch
electronic health records (EHRs):

o Local applicability: Since clinical notes and EHRs in general contain a multitude

of privacy sensitive data, it is mandatory that the model is able to be completely
implemented on local hardware, as no EHR data is allowed to be transmitted from
the environment it is stored on. For this reason, only open-source, locally appli-
cable LLMs could be selected.

e Availability of a pre-trained model: The model must be pre-trained, as we do not

have the computational power and amount of data to train a model from scratch.
We do however want to be able to further fine-tune our models on our own data
and convert them into prompt-based classifiers as well.

e Parameter count of a model: The number of parameters in a model represents the
size and complexity of a model and thus correlates with the computational power
required to run it. As computational power is a limiting factor due to local applica-
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tion of the model, we needed to balance between having enough parameters for

sufficient LLM performance and the ability to run the LLM run on a virtual desktop.

e Dutch language competency: It is vital for the model to be able to handle Dutch
language data, either through optimization for the Dutch language or being com-
pletely trained on a Dutch dataset.

e Medical text familiarity: Models trained or fine-tuned on medical texts are more

likely to be able to correctly process our domain-specific knowledge and jargon
and are thus preferred.

Model search

To retrieve a list of relevant models, a literature search was performed and combined with
a direct search for models on the Hugging Face website. These websites provide compre-
hensive filtering options, enabling us to find models that can be run offline rather easily.
To find the models via HuggingFace, the following filters were applied during a search
performed on 18 October 2023:
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o Tasks: Text Classification, Zero-Shot Classification, Conversational, Text Generation,
Fill-Mask

o Libraries: PyTorch, TensorFlow, Transformers, Sentence Transformers, Adapter
Transformers.

e Datasets: Not specified

e Langudages: Dutch

e Licences: Not specified
e Qther: Not specified

In the context of this research, we focused our search of models on LLMs that show
promise in classification tasks. The final list of potential models for those tasks and their
relevant features is presented in Table A1.

Final selection
After our search for available models, two models were selected as most suitable for our
task (see computation details of each model in Table A2):

¢ MedRoBERTa.nl'

o Description: A Dutch medical model created by researchers at Vrije Univer-
siteit Amsterdam, who used 13GB of text data from Dutch hospital notes
to train an altered version of the RoBERTa model. This model has shown to
perform better on this data in odd-one-out tasks when compared to general
Dutch LLMs and is thus likely to perform well in our research.

o Motivation: Of all chosen models, MedRoBERTa.nl is the only one directly
trained on Dutch medical data. Consequently, this model is expected to per-
form very well on the dataset. One limitation is that the parameter count of
the model is rather low by modern standards, which, while being a positive
factor in terms of computational efficiency, might reduce its performance.
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o RobBERT?

o Description: RobBERT is a model built upon the foundation of BERT, serving
as the core architecture. BERT was released as a multilingual model, and
RobBERT was fine-tuned as a language-specific model, as research points out
that doing so generally results in higher performance.

o Motivation: RobBERT's strong performance on various NLP tasks and proven
ability to handle Dutch text make it a suitable candidate for our investigation.

Table A2. The number of parameters of the selected MedRoBERTa.nl and RobBERT models.

Classifier Model Number of parameters
MedRoBERTa.nl 125,980,419

Direct
RobBERT 116,764,419
MedRoBERTa.nl 263,859,258

Prompt-based
RobBERT 254,643,258

Both models were implemented as direct classifier and as prompt-based classifier. Prompt-based
classifiers had a larger number of parameters compared to the direct classifiers due to extra layers
being added by the EncoderDecoder model (with the base multilingual BERT model as decoder).

1. Verkijk S, Vossen P. MedRoBERTa.nl: a language model for Dutch electronic health records. Comp
Linguistics Neth J. 2021;11:141-59.

2. Delobelle P, Winters T, Berendt B. RobBERT: a Dutch RoBERTa-based language model. arXiv
(preprint). 2020. Available from: http://arxiv.org/abs/2001.06286.
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Objectives To evaluate the incremental predictive value of natural language
processing (NLP)-derived signs and symptoms from clinical notes beyond struc-
tured electronic health records (EHR) data for predicting 30-day hospitalisation or
mortality in patients presenting to general practice with a lower respiratory tract
infection (LRTI).

Study design and setting Prediction model development and validation study
based on two general practice cohorts of LRTI patients aged =40 years derived
from Dutch EHR registries: a 2016-2019 cohort from Julius General Practitioners
Network (JGPN; development) and a 2022-2023 cohort from Academic Network
of General Practice Amsterdam (ANHA; external validation) from the Utrecht and
Amsterdam regions, respectively. Nine presenting signs and symptoms were re-
trieved from EHR clinical notes by a large language model specifically fine-tuned
and validated for this task. Four elastic net logistic regression models predicting
individual risk of 30-day all-cause hospitalisation or mortality were developed in
JGPN: (i) a basic model (age and sex); (ii) the basic model plus NLP-derived signs
and symptoms; (iii) an extended model of structured EHR-based predictors (age,
sex, medical history, medication use, and LRTI diagnosis); and (iv) this extended
model plus NLP-derived signs and symptoms. All models were internally validated
by bootstrapping and externally validated in ANHA. Model performance was
evaluated based on discrimination, calibration, and decision curve analysis.

’

Results The development and validation cohorts comprised 11,065 patients
(outcome prevalence: 7.8%) and 6,284 patients (outcome prevalence: 11.4%),
respectively. Discrimination of the basic model showed modest improvement
after adding NLP-derived predictors (c-statistic from 0.61 (0.59-0.63) to 0.67
(0.65-0.69)). For the extended model, discrimination only slightly improved after
addition of NLP-derived predictors (c-statistic 0.71 (0.69-0.73) to 0.73 (0.71-0.75))
without substantial improvement of model calibration. Decision curve analysis of
the extended models revealed limited net benefit of adding NLP-derived predic-
tors.

Conclusion Although signs and symptoms improved model performance beyond
age and sex, their incremental value for predicting 30-day hospitalisation or mor-
tality beyond structured EHR-based predictors was limited. This implies that signs
and symptoms do not add substantial predictive information in LRTI patients,
provided that GPs adequately incorporate all relevant structured information
available from patients’' EHR.



Incremental value of NLP-derived predictors

INTRODUCTION

Electronic health records (EHR) of large numbers of individuals hold promise for a range
of research purposes, including prediction research.' EHR cover both structured (e.g.,
code-based demographics, medical history, prescriptions) and unstructured (e.g., pre-
senting signs and symptoms captured in clinical notes) data. Data from clinical notes may
be affected by incomplete and selective reporting and manual annotation is typically
labour intensive and costly.” As a result, most prediction studies using EHR data mainly
rely on structured EHR data, albeit the potential of unstructured EHR data is increasingly
recognised as a novel and rich source of information.>”® Recent advances in the field of
natural language processing (NLP), specifically large language models (LLMs), allow for
efficient and automatic extraction of relevant unstructured data from EHR clinical notes.®
Whether such NLP-derived data could improve the predictive performance of models
consisting of structured EHR data is, however, yet to be determined.

A field that may benefit from NLP-derived signs and symptoms is that of prognostic
research on patients presenting to their general practitioner (GP) with a lower respiratory
tract infection (LRTI). In patients suspected of LRTI, presenting signs and symptoms pro-
vide important diagnostic information.”® Furthermore, signs and symptoms such as con-
fusion, sputum, pulmonary crackles, and ill appearance have previously been identified
as potentially relevant predictors for adverse outcomes in LRTI patients, and are typically
captured in clinical notes.”"? A recently developed and externally validated EHR-based
prediction model, predicting individual risk of 30-day hospitalisation or mortality in
patients with GP-diagnosed LRTI, includes predictors based on structured EHR data, i.e.,
demographics, medical history, current medication use, and LRTI diagnosis. This model
may thus benefit from adding signs and symptoms.

In this study, we therefore aimed to evaluate the incremental value of NLP-derived

predictors beyond structured EHR data for predicting 30-day all-cause hospitalisation or
mortality in patients presenting to general practice with an LRTI.
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Chapter 7
METHODS

While reporting this study, we adhered to the prediction model risk of bias assessment
tool (PROBAST+AI) criteria and transparent reporting of a multivariable prediction model

for individual prognosis or diagnosis (TRIPOD+Al) statement.""*

Study design, databases, and participants

This study builds on results of our previous prediction model development and external
validation study which solely relied on structured EHR data (Figure 1). In the current
prediction model development and external validation study, we systematically evalu-
ated the incremental predictive value of NLP-derived signs and symptoms retrieved from
clinical notes beyond structured EHR data. Details on the rationale, cohort construction,
and sample size considerations have been reported elsewhere."”

In short, cohorts for model development and external validation were derived from the
Julius General Practitioners’ Network (JGPN)'® and the Academic Network of General
Practice Amsterdam (ANHA)", respectively. These general practice registries hold routine
EHR data on patient demographics, coded medical history and new diagnoses (based on
the International Classification of Primary Care (ICPC)), prescriptions (based on Anatomi-
cal Therapeutic Chemical (ATC) codes), and consultations, including clinical notes. JGPN
covers data on approximately 450,000 patients from around 70 participating practices
from the region of Utrecht, the Netherlands, whereas ANHA holds data on approximately
600,000 patients from 125 participating practices from the region of Amsterdam, the
Netherlands.

For model development, all participants aged =40 years enlisted in JGPN participating
practices between 1 January 2016 and 31 December 2019 with a GP-diagnosis of LRTI —
defined as either acute bronchitis (ICPC code R78) or pneumonia (R81) — were included
in the development cohort. For model validation, all participants aged =40 years enlisted
in ANHA participating practices between 1 January 2022 and 31 December 2023 (post-
COVID-19-pandemic) with a GP-diagnosis of LRTI were included in the external validation
cohort.

In both cohorts, an LRTI-related consultation after a period of 28 days or more without
such consultation was considered a new LRTI episode. In case of multiple LRTI episodes
per individual patient, only the first episode during the study period was included. The
years of the COVID-19 pandemic were deliberately not included in the study period since
LRTI aetiology was dominated by SARS-COV-2 and presenting signs and symptoms as
well as hospitalisation and mortality rates may not resemble those of the current (post-
pandemic) era."
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Incremental value of NLP-derived predictors

General practice data of the included JGPN and ANHA participants were linked to data
on hospitalisations (Dutch Hospital Data (DHD)'®) and the national mortality registry
(Statistics Netherlands (CBS)) on the patient level.

Candidate predictors

Candidate predictors were measured on the day of first GP consultation within an LRTI
episode (i.e., index date). Predictors of our previously validated model of structured EHR
data included demographics (age and sex), cardiometabolic diseases (diabetes, heart
failure, ischaemic heart disease, stroke, transient ischaemic attack, pulmonary embolism,
deep venous thrombosis, atrial fibrillation, and peripheral artery disease), other medical
history (history of pneumonia, non-dermatological malignancies, chronic obstructive
pulmonary disease, asthma, dementia, and hospitalisation <1 year, influenza vaccination
<1 year), current medication use (antibiotic prescription <1 month, immunosuppressants,
inhalation medication, and antidepressants), and LRTI diagnosis (either acute bronchitis
or pneumonia).

Relevant signs and symptoms from clinical notes — selected based on a systematic
literature review and with recording patterns previously reported®® - included patient-
reported symptoms (chest pain, chills, cough, fever, shortness of breath, and sputum),
patient- or GP-reported confusion, and GP-reported signs (pulmonary crackles, ill appear-
ance). Information on these signs and symptoms was retrieved from clinical notes on the
index date by NLP. To this end, an LLM based on MedRoBERTa.nl%, specifically fine-tuned
and validated for this task on data of the development cohort, classified each sign or
symptom as either ‘present; ‘absent, or ‘not reported.”' An overview of all predictors and
their code-based definitions is included in the Supplementary material (Table S1).

Outcome

The outcome was defined as all-cause hospitalisation or mortality within 30 days from
LRTI diagnosis and was considered binary. Outcome data was derived from the DHD
(hospitalisation) and CBS databases (mortality).

Missing data

For structured EHR data, absence of a registered ICPC (for medical history) or ATC (for
prescriptions) code was classified as absent. As a result, data of structured EHR-based
predictors were fully complete. Given the complex recording patterns of the NLP-derived
candidate predictors — due to both incomplete and selective recording® - the missing at
random assumption for signs and symptoms was likely violated and multiple imputation
techniques may therefore not be appropriate.”” Missing data on NLP-derived candidate
predictors was therefore explicitly coded as a separate category, i.e.’not reported.
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Chapter 7

Statistical analysis

Characteristics of the model development and validation cohorts were descriptively
summarised. The incremental predictive value of NLP-derived candidate predictors was
evaluated based on comparison of four models: a basic model (including age, sex, and an
interaction term; model 1), the basic model plus NLP-derived candidate predictors (model
2), an extended model of structured EHR-based predictors of demographics, medical his-
tory, current medication use, and LRTI diagnosis (model 3), and the extended model plus
NLP-derived candidate predictors (model 4) (Table 1). Age was modelled as linear and
all other candidate predictors as categorical candidate predictors. The prediction models
were developed using elastic net penalised multivariable logistic regression to account
for predictor selection and minimise potential overfitting. The optimal regularisation
penalty was determined by hyperparameter tuning with 10-fold cross-validation. To
further account for model optimism, all models were internally validated by 1,000 boot-
strapping samples. Lastly, the models were externally validated in the post-pandemic
validation cohort. Upon internal and external validation, model performance was com-
pared by measures of discrimination (c-statistic), calibration (intercept, slope, and flexible
calibration curve), and the range of predicted risks, with accompanying 95% confidence
intervals (Cl) where appropriate.

For models 3 and 4, predicted risks were compared within individual patients to evaluate
shifts in predicted risks. Differences in predicted risks by the models with and without
NLP-derived predictors were further explored across age, sex, and LRTI diagnosis. Ulti-
mately, to evaluate whether NLP-derived predictors improved the models’ clinical utility,
we performed decision curve analyses for model 1 versus model 2 and model 3 versus
model 4. In the absence of a single established risk threshold for close monitoring in GP-
diagnosed LRTI patients, decision curve analyses were performed for a reasonable range
of thresholds probabilities for a close monitoring strategy, i.e., from 20% to 50%.”

To explore the hypothesis that signs and symptoms are selectively reported, i.e., not
reported signs and symptoms are most likely absent, we conducted a sensitivity analysis
in which we combined ‘absent’and‘not reported’values into a single category and subse-
quently evaluated the impact on model performance.

All analysis were performed in R version 4.2.2(24) using the pmsampsize (sample size

calculations), gimnet (model fitting), CalibrationCurves (model performance assessment),
and dcurves (decision curve analysis) packages.
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Incremental value of NLP-derived predictors

Table 1. Overview of developed and externally validated models

Model Candidate predictors

Model 1 Age and sex (basic)

Model 2 Basic plus NLP-derived signs and symptoms'

Model 3 Age, sex, medical history, current medication use, and LRTI diagnosis® (extended)
Model 4 Extended plus NLP-derived signs and symptoms'

' NLP-derived signs and symptoms include patient reported (chest pain, chills, cough, fever,
shortness of breath, sputum), GP-reported (ill appearance, pulmonary crackles), and patient or GP-
reported (confusion) signs and symptoms categorised as either present, absent, or not reported.

* Additional predictors based on structured EHR data included medical history (number of
cardiometabolic diseases, history of pneumonia, non-dermatological malignancies, chronic lung
disease, dementia, and hospitalisation <1 year, influenza vaccination <1 year), current medication use
(antibiotic prescription <1 year, immunosuppressants, inhalation medication, and antidepressants),
and LRTI diagnosis (either pneumonia or acute bronchitis).

NLP, natural language processing; LRTI, lower respiratory tract infection.

RESULTS

Study participants

Within JGPN, 11,702 patients had at least one GP-diagnosis of LRTI between 2016-2019,
of whom 11,065 (94.6%) could be linked to hospitalisation and mortality data and were
included in the development cohort (Table 2). Pneumonia was diagnosed in 6,518
(58.9%) patients and 6,206 (56.1%) were female. A total of 859 (7.8%) were hospitalised

and 21 (0.2%) died within 30 days from LRTI diagnosis, accounting for 863 (7.8%) com-
posite outcomes.

Within ANHA, 6,513 patients had at least one GP-diagnosed LRTI episode between
2022-2023. Of these, 6,284 (96.5%) could be linked to hospitalisation and mortality data
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and were included in the validation cohort. Pneumonia was diagnosed in 4,426 (70.4%)
patients and 3,575 (56.9%) were female. A total of 679 (10.8%) patients of the validation
cohort were hospitalised and 73 (1.2%) died within 30 days from LRTI diagnosis,
accounting for 717 (11.4%) composite outcomes.
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Table 2. Characteristics of model development and validation cohort at index date

Development cohort Validation cohort
Characteristic Total With outcome Total With outcome
n (%) 11065 863 (7.8) 6284 717 (11.4)
Year, n (%)
2016 2720 (24.6) 196 (22.7) - -
2017 2555 (23.1) 186 (21.6) - -
2018 3065 (27.7) 237 (27.5) - -
2019 2725 (24.6) 244 (28.3) - -
2022 - - 3089 (49.2) 367 (51.2)
2023 - - 3195 (50.8) 350 (48.8)
Structured EHR data
Median age (IQR) 64 (53 - 74) 70 (61 -78) 66 (55 - 76) 72 (62 -81)
Female sex, n (%) 6206 (56.1) 451 (52.3) 3575 (56.9) 395 (55.1)
LRTI diagnosis, n (%)
Acute bronchitis 547 (41.1) 164 (19.0) 1858 (29.6) 79 (11.0)
Pneumonia 6518 (58.9) 699 (81.0) 4426 (70.4) 638 (89.0)
Comorbidities, n (%)
Diabetes 578 (5.2) 67 (7.8) 246 (3.9) 37(5.2)
Malignancy 1073 (9.7) 154 (17.8) 756 (12.0) 133(18.5)
Dementia 526 (4.8) 68 (7.9) 498 (7.9) 84 (11.7)
COPD or asthma 2279 (20.6) 239(27.7) 1414 (22.5) 188 (26.2)
Number of CMD, n (%)
0 7859 (71.0) 498 (57.7) 4199 (66.8) 348 (48.5)
1 2161 (19.5) 211 (24.4) 1366 (21.7) 232 (32.4)
>2 1045 (9.4) 154 (17.8) 719 (11.4) 137 (19.1)
Medical history, n (%)
Pneumonia 3462 (31.3) 340 (39.4) 2079 (33.1) 282 (39.3)
Hospitalisation <1 year 2387 (21.6) 388 (45.0) 1377 (21.9) 291 (40.6)
Median number of GP-
-1 12 (6-21 1-12 2-17
consultations <1 year (IQR) 8(3-15) © ) 3¢ ) 8( )
Medication use, n (%)
Immunosuppressant 118(1.1) 16 (1.9) 125 (2.0) 18(2.5)
Inhalation medication 806 (7.3) 102 (11.8) 358 (5.7) 39(5.4)
Antidepressant 649 (5.9) 68 (7.9) 363 (5.8) 52(7.3)
Antibiotics <1 month 804 (7.3) 116 (13.4) 482 (7.7) 88(12.3)
Influenza vaccination <1 year, n (%) 3327 (30.1) 328(38.0) 1880 (29.9) 252 (35.1)
NLP-derived signs and symptoms
Patient reported
Chest pain
Present 1704 (15.4) 142 (16.5) 1151 (18.3) 129 (18.0)
Absent 806 (7.3) 62(7.2) 685 (10.9) 90 (12.6)
Not reported 8555(77.3) 659 (76.4) 4448 (70.8) 498 (69.5)
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Table 2. Continued

Development cohort Validation cohort
Characteristic Total With outcome Total With outcome
Chills
741 (6.7
Present <10(6(*)) 75 (8.7) 482 (7.7) 61 (8.5)
Absent <1034 <10 (*) <10 (*) <10 (*)
Not reported (<93.3% <788 (*) <5802 (<92.3) <656 (<91.5)
Cough
Present 8865 (80.1) 573 (66.4) 5230(83.2) 520 (72.5)
Absent 45 (0.4) 10(1.2) 20(0.3) <10 (¥)
Not reported 2155(19.5) 280 (32.4) 1034 (16.5) <197 (<27.5)
Fever
Present 3237(29.3) 226 (26.2) 2028 (32.3) 203 (28.3)
Absent 4129 (37.3) 271 (31.4) 2568 (40.9) 263 (36.7)
Not reported 3699 (33.4) 366 (42.4) 1688 (26.9) 251 (35.0)
Shortness of breath
Present 5481 (49.5) 432 (50.1) 3543 (56.4) 416 (58.0)
Absent 1331 (12.0) 91 (10.5) 852 (13.6) 92(12.8)
Not reported 4253 (38.4) 340 (39.4) 1889 (30.1) 209 (29.1)
Sputum
Present 3431 (31.0) 223 (25.8) 2256 (35.9) 187 (26.1)
Absent 406 (3.7) 22(2.5) 227 (3.6) 29 (4.0)
Not reported 7228 (65.3) 618 (71.6) 3801 (60.5) 501 (69.9)
GP reported
Ill appearance
Present 1029 (9.3) 86 (10.0) 701 (11.2) 107 (14.9)
Absent 3001 (27.1) 204 (23.6) 1922 (30.6) 171 (23.8)
Not reported 7035 (63.6) 573 (66.4) 3661 (58.3) 439 (61.2)
Pulmonary crackles ~
Present 2747 (24.8) 257 (29.8) 1988 (31.6) 262 (36.5) )
)
Absent 6589 (59.5) 393 (45.5) 3435 (54.7) 315 (43.9) %
Not reported 1729 (15.6) 213(24.7) 861 (13.7) 140 (19.5) -5
Patient or GP reported
Confusion
Present 32(0.3) 11(1.3) 24 (0.4) <10 (*)
Absent 277 (2.5) 32(3.7) 168 (2.7) 31(4.3)
Not reported 10756 (97.2) 820 (95.0) 6092 (96.9) <686 (<95.7)

EHR, electronic health record; IQR, interquartile range; LRTI, lower respiratory tract infection; COPD,
chronic obstructive pulmonary disease; CMD, cardiometabolic disease; GP, general practitioner.

* As per output restrictions of Statistics Netherlands, it is not allowed to present data based on fewer
than 10 observations. Observations based on fewer than 10 observations are therefore indicated
with ‘<10’
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NLP-derived signs and symptoms

In general, signs and symptoms reporting rates yielded by NLP were similar or slightly
higher in the validation cohort compared to the development cohort. Frequently
reported signs and symptoms included pulmonary crackles (84.4% and 86.3% in the
development and validation cohort, respectively), cough (80.5% and 83.5%), fever (66.6%
and 73.1%), and shortness of breath (61.6% and 69.9%), whereas confusion (2.8% and
3.1%) and chills (>6.7% and >7.7%) were rarely reported. Signs and symptoms that were
frequently classified as ‘present’ included cough (80.1% and 83.2%), shortness of breath
(49.5% and 56.4%), and sputum (31.0% and 35.9%), whereas confusion (2.5% and 2.7%)
and ill appearance (27.1% and 30.6%) were mostly classified as ‘absent’ when reported.

Model development and internal validation

Apparent model performances and linear predictors of all four models are presented in
Supplementary materials (Table S2, Table S3). Model performance remained stable upon
internal validation (Table 3). For the model 1 versus model 2, discrimination improved after
adding NLP-derived predictors (c-statistic 0.61 (95% Cl 0.59-0.63) versus 0.67 (0.65-0.69)),
whereas model calibration was stable. Upon adding NLP-derived predictors, the range of
predicted risks increased from 3.8%-20.8% (median 7.4%) to 1.6%-73.4% (median 6.5%).
For model 3 versus model 4, discrimination only slightly increased after including NLP-
derived predictors (c-statistic 0.73 (95% Cl 0.71-0.74) versus 0.75 (0.74-0.77)) and model
calibration remained stable. The range of predicted risks slightly increased after including
NLP-derived predictors, i.e., from 1.5%-53.4% (median 5.9%) to 1.1%-69.0% (5.6%)
(Figure 2). For model 3 versus model 4, differences between individually predicted risks
with and without NLP increased with age, but no substantial differences were observed
across sex and LRTI diagnosis (Figure S4).

Table 3. Comparisons of model performance upon internal validation (1,000 bootstrapping
samples) in the development cohort.

Model performance (95% Cl)

Model Candidate #RC c-statistic Calibration Calibration Range of
predictors intercept slope predicted risks
(median)
Model 1 Age, sex, and 4 0.61 0.00 1.04 3.8% - 20.8%
(Basic) interaction term (0.59 - 0.63) (-0.07 - 0.07) (0.86 - 1.23) (7.4%)

Model 2 Model 1 + NLP-

(Basic plus  derived signs and 22 0.67 0.00 103 16% - 73.4%
P ans (065-069)  (-007-007) (0.92-1.15) (6.5%)
NLP) symptoms
Model 1 +
Model 3 ;ZL'S:?\::;S . 073 0.00 1.03 1.5% - 53.4%
(Extended) Y (071-074)  (007-007) (0.94-1.12) (5.9%)

and current
medication use®
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Table 3. Continued

Model performance (95% Cl)

Model Candidate #RC c-statistic Calibration Calibration Range of
predictors intercept slope predicted risks
(median)
Euonded ceredugniand 35075
J (0.74-077)  (-007-007) (0.95-1.12) (5.6%)

plus NLP) symptoms'

' NLP-derived signs and symptoms include patient reported (chest pain, chills, cough, fever,
shortness of breath, sputum), GP-reported (ill appearance, pulmonary crackles), and patient or GP-
reported (confusion) signs and symptoms categorised as either present, absent, or not reported.

2 Additional predictors based on structured EHR data included LRTI diagnosis (either pneumonia
or acute bronchitis), medical history (number of cardiometabolic diseases, history of pneumonia,
non-dermatological malignancies, chronic lung disease, dementia, and hospitalisation <1 year,
influenza vaccination <1 year), and current medication use (antibiotic prescription <1 year,
immunosuppressants, inhalation medication, and antidepressants).

Cl, confidence interval; #RC, number of regression coefficients; NLP, natural language processing;
LRTI, lower respiratory tract infection; GP, general practitioner; EHR, electronic health records.
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Figure 2. Individually predicted risks by model 3 versus model 4 in the model development cohort

NLP, natural language processing

181



Chapter 7

External validation

Upon external validation, model discrimination was relatively stable. External validation
of the models 1 and 2 yielded a c-statistic of 0.63 (95% Cl 0.60-0.65) for the basic model
and 0.67 (0.65-0.69) for the basic model with NLP-derived predictors (Figure 3). In terms
of calibration, intercepts were similar but the basic model including NLP-derived predic-
tors yielded a favourable slope (1.16 (0.95-1.37) versus 1.01 (0.87-1.14), respectively).
In addition, including NLP-derived predictors had a minor impact on the distribution of
predicted risks (Figure 4).

A. Model 1 (basic) B. Model 2 (basic plus NLP)
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Figure 3. Flexible calibration plots of all four models upon external calibration

NLP, natural language processing

For model 3 versus model 4, model discrimination was slightly favourable with incorpora-
tion of NLP-derived predictors (c-statistic 0.71 (0.69-0.73) versus 0.73 (0.71-0.75)). Both
models yielded a similar calibration intercept and slope without substantial shifts in the
distribution of predicted risks (1.5%-51.3% (median 5.9%) versus 1.2%-63.3% (6.9%)).

Visual inspection of flexible calibration plots in the validation cohort revealed modest un-
derprediction up to observed risks of around 20% for all four models (Figure 3). Calibra-
tion of the basic model including NLP-derived predictors and the extended model based
on structured EHR data alone was favourable for patients with a higher predicted risk.
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A. Model 1 (basic) B. Model 2 (basic plus NLP)
Range: 1.5% - 51.3%

Range: 3.8% — 20.3%
Median: 5.9%

Median: 7.7%

LRTI patients (n)

LRTI patients (n)

) 02 [

Estimated probability Estimated probability

C. Model 3 (extended) D. Model 4 (extended plus NLP)
Range: 1.2%—63.3%

Range: 1.7% — 66.9%
Median: 6.9%

Median: 6.9%

LRTI patients (n)
LRTI patients (n)

oz ] 3
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Figure 4. Distribution of predicted risks of all four models upon external validation

NLP, natural language processing

Decision curve analysis

Decision curve analyses for threshold probabilities ranging from 20% to 50% for all mod-
els revealed a higher net benefit of the extended models compared to the basic models
up to a probability threshold of approximately 30% (Figure 5). Net benefit of model 3 and
model 4 was generally similar over the range of threshold probabilities.
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[
)
(=9
(1]
=
(&)

Sensitivity analysis
Upon reclassifying ‘not reported’signs and symptoms to ‘not present, model performance
did not substantially alter (Table S5).
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A. Model 1 versus 2 B. Model 3 versus 4
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Figure 5. Decision curve analysis of all developed models upon external validation

NLP, natural language processing

DISCUSSION

In this study, we evaluated the incremental predictive value of signs and symptoms
retrieved from unstructured clinical notes by using an LLM specifically fine-tuned and
validated for this task beyond information based on structured EHR data for predicting
30-day hospitalisation or mortality in LRTI patients presenting to general practice. Albeit
adding NLP-derived signs and symptoms improved model performance beyond a basic
model consisting of age and sex, the incremental value of these NLP-derived predic-
tors — as measured by discrimination, calibration, distribution of predicted risks, and net
benefit - beyond structured EHR-based predictors was limited, and likely not clinically
relevant.

Our findings imply that both structured data and unstructured signs and symptoms
data hold valuable predictive information, but with low degree of complementarity in
the context of this case study. The incremental value of predictors from unstructured EHR
data is likely case dependent, with a systematic review showing variation across care set-
tings and text processing methods.’ For general practice, the quality of EHR clinical notes
- evaluated in a previous study’ — may particularly suffer from incomplete and selective
reporting due to generally low prior probabilities of adverse outcomes, which could limit
its predictive value.”® On the contrary, our finding that reclassifying ‘not reported’ signs
and symptoms as ‘absent’ did not alter model performance suggests that both classes
share similar predictive information, and consequences of selective reporting may thus
be limited. Nevertheless, our results are in line with previous work comparing structured
and unstructured EHR-based models in general practice, with models including unstruc-
tured data yielding similar or at best slightly better performance.”**° Of note, in contrast
to the present study, previous studies implemented a word embedding approach in
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which clinical notes were represented by a vector of numbers. Using NLP to classify indi-
vidual predictors from clinical notes is, therefore, a novelty in general practice research.

Strengths of this study include the development of an LLM fine-tuned and validated spe-
cifically for this study using manually annotated EHR data from 2,000 clinical notes and
the thorough assessment of the incremental value of NLP-derived predictors through ex-
ternal validation - not often performed in prediction modelling studies on unstructured
EHR data’ — and decision curve analysis. In addition, our study explored opportunities of
NLP methods on Dutch language, whereas most studies to date have focussed on English
unstructured text.’

Some limitations deserve consideration. First, performance of the LLM in directly classify-
ing candidate predictors from clinical notes decreased with lower reporting rates and in-
creasing class imbalance. As a result, infrequently reported orimbalanced predictors, such
as confusion and chills, may have suffered from erroneous LLM classifications, and their
predictive value may subsequently be underestimated. In addition, low positivity rates
may have deflated the predictive value of these potentially relevant predictors.*® Second,
as stated before, the predictive value of candidate predictors retrieved from unstructured
data varies across NLP methods.’ By implementing our LLM for classification of individual
predictors, other potentially predictive information from clinical notes may have partly
been omitted. Data registry restrictions, however, did not allow us to link free text clinical
notes directly to outcomes on a patient level, hence our focus on classification of selected
predictors. Third, since we fine-tuned the LLM to specifically classify signs and symptoms
we did not consider relevant vital sign measurements such as peripheral oxygen satura-
tion, pulse rate, blood pressure and respiratory rate captured in clinical notes, although
these are likely to capture valuable predictive information from a clinical perspective.’
Lastly, although we performed external validation of all models in this study, we did not
separately validate the LLM - developed in JGPN - on ANHA data to evaluate its perfor-
mance as direct-classifier in this cohort. Prediction model performances as observed in
both JGPN and ANHA in this study were, however, stable, suggesting similar performance
of the LLM in both cohorts.

Albeit the predictive value of NLP-derived signs and symptoms beyond age and sex was
evident when predicting 30-day all-cause hospitalisation or mortality in LRTI patients
presenting to general practice, the incremental value of these predictors beyond a model
including all relevant structured EHR-based predictors was limited. This implies that signs
and symptoms do not add substantial predictive information in LRTI patients, provided
that GPs adequately incorporate all relevant information available from patients’ EHR. In
addition, given the complexity of implementing an EHR-based prediction model with
integrated NLP methods and the negligible improvement in model performance and net
benefit, a model based on structured EHR data alone is likely to be preferred in the clini-
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cal setting. Nevertheless, our findings underline the predictive value of unstructured EHR
data, which thus deserve consideration when developing EHR-based prediction models,
certainly in a context where a full patient history is not readily available, e.g., in out-of-
hours primary care. Hence, future research in the field of NLP should acknowledge this
contextual need to evaluate the impact of integrated NLP approaches on predictive per-
formance of EHR-based models, naturally in the context of continued advancements in
the field of NLP. In addition, future prediction modelling studies should consider explor-
ing whether vital sign measurements derived from clinical notes could further improve
prognostication of LRTI patients in general practice.
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Incremental value of NLP-derived predictors

Table S2. Modelling strategy and apparent model performance in development cohort of devel-
oped models

Model performance (95% Cl)

Model Candidate #RC  c-statistic  Calibration Calibration Range of
predictors intercept slope predicted risks
(median)
Model 1 Age, sex, and 4 0.61 0.00 1.04 3.8% - 20.8%
(Basic) interaction term (0.59-0.63) (-0.07-0.07) (0.86-1.23) (7.4%)
M 11+ NLP-
Model 2 der?\iz Si+ns NP 067 0.00 1.01 1.6% — 73.4%
(Basic plus NLP) 9 ) (0.65-0.69) (-0.07-0.07) (0.90-1.13) (6.5%)
symptoms
Model 1 + LRTI
Model 3 diagnosis, medical 17 0.73 0.00 1.02 1.5% - 53.4%
(Extended) history, and current (0.71-0.74) (-0.07-0.07) (0.93-1.11) (5.9%)
medication use’
Model 4 Model 3 + NLP- 0.74 0.00 1.05 1.19% - 69.0%

derived signsand 35

symptoms’ (0.73-0.76) (-0.07-0.07) (0.96-1.13) (5.6%)

(Extended plus NLP)

' NLP-derived signs and symptoms include patient reported (chest pain, chills, cough, fever,
shortness of breath, sputum), GP-reported (ill appearance, pulmonary crackles), and patient or GP-
reported (confusion) signs and symptoms categorised as either present, absent, or not reported.

? Additional predictors based on structured EHR data included LRTI diagnosis (either pneumonia
or acute bronchitis), medical history (number of cardiometabolic diseases, history of pneumonia,
non-dermatological malignancies, chronic lung disease, dementia, and hospitalisation <1 year,
influenza vaccination <1 year), and current medication use (antibiotic prescription <1 year,
immunosuppressants, inhalation medication, and antidepressants).

Cl, confidence interval; #RC, number of regression coefficients; NLP, natural language processing;
LRTI, lower respiratory tract infection; GP, general practitioner; EHR, electronic health records.

195

o~
E
[
=
(=9
(1]
=
1S}




Chapter 7

Table S3. Linear predictors and regression coefficients of all developed models

Predictor Regression coefficients

Model 1 Model 2 Model 3 Model 4
Intercept -4.298 -4.007 -4.618 -4.130
Age (linear) 0.029 0.034 0.015 0.015
Female sex 0 0.721 0 0
Age (linear)*female sex -0.003 -0.013 -0.001 -0.001
No.of CMD=1 - - 0.115 0.108
No of. CMD = 2 - - 0.344 0.313
LRTI diagnosis = pneumonia - - 1.015 0.928
Hospitalisation <1 year - - 0.922 0.874
History of pneumonia - - -0.137 -0.115
Malignancy - - 0.393 0.412
COPD or asthma - - 0.112 0.038
Dementia - - 0.222 0.166
Influenza vaccination <1 year - - 0.076 0.056
Immunosuppressant use - - 0.182 0.177
Inhalation medication use - - 0.082 0.037
Antibiotics <1 month - - 0.335 0.241
Antidepressant use - - 0.254 0.241
Dyspnoea = present - 0.205 - 0.171
Dyspnoea = not reported - -0.153 - -0.109
Fever = present - 0.074 - 0
Fever = not reported - 0.140 - 00.060
Cough = present - -1.148 - -0.596
Cough = not reported - -0.442 - 0
Confusion = present - 1.087 - 0.969
Confusion = not reported - -0.309 - -0.145
Chest pain = present - 0.285 - 0.173
Cheast pain = not reported - 0.003 - 0
Chills = present - 0.323 - 0.125
Chilles = not reported - 0 - -0.067
Ill apprearance = present - 0.213 - 0.097
Ill appearance = not reported - 0.034 - 0.065
Pulmonary crackles = present - 0.340 - 0.061
Pulmonary crackles = not reported - 0.433 - 0.176
Sputum = present - 0.134 - 0
Sputum = not reported - 0.248 - 0.094

Linear predictors of all developed models with regression coefficients per candidate predictor, rounded on three
decimal places. Reference category for sex is ‘male; No. of CMD is ‘0; and smoking status is ‘current’ For medical

history and medication use, the reference category is ‘absent’.

CMD, cardiometabolic disease; EHR, electronic health records; RCS, restricted cubic splines; CVA, cerebrovascular
accident; TIA, transient ischaemic attack; PE, pulmonary embolism; DVT, deep venous thrombosis; LRTI, lower
respiratory tract infection; COPD, chronic obstructive pulmonary disease; GP, general practitioner.
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Figure S4. Differences in individually predicted risks by model 3 versus model 4

Differences between predictions of both models were stratified according to (a) age, (b) LRTI
diagnosis, and (c) sex.
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Table S5. Apparent model performance in development cohort of models from sensitivity analysis,
with ‘not reported’signs and symptoms reclassified as ‘absent’ for both model 2 and model 4
Model performance (95% Cl)

Model Candidate #RC  c-statistic Calibration  Calibration Range of
predictors intercept slope predicted risks
(median)
woiez o e w0 e
anse (065-0.69) (:0.07-007) (0.90-1.13) (6.5%)
symptoms
Model 2 Af;ir;j Z?x:s ’:rl\_: 3 0.66 0.00 101 2.0% - 75.3%
sensitivity ans ¢ (064-0.68) (-0.07-0.07) (0.89-1.13) (6.6%)
symptoms

Demographics,
medical history,
medication use and 0.74 0.00 1.05 1.1% - 69.0%
Model 4 35
ode LRTI diagnosis + (0.73-0.76) (-0.07-0.07) (0.96-1.13) (5.6%)
NLP-derived signs

and symptoms'

Demographics,
medical history,
Model 4 medication use and % 0.74 0.00 1.05 1.2% - 69.3%
sensitivity LRTI diagnosis + (0.72-0.76) (-0.07-0.07) (0.96-1.13) (5.6%)
NLP-derived signs

and symptoms?

' NLP-derived signs and symptoms include patient reported (chest pain, chills, cough, fever,
shortness of breath, sputum), GP-reported (ill appearance, pulmonary crackles), and patient or GP-
reported (confusion) signs and symptoms categorised as either present or absent.

> NLP-derived signs and symptoms were classified as either present or absent.

Cl, confidence interval; #RC, number of regression coefficients; NLP, natural language processing;
LRTI, lower respiratory tract infection; GP, general practitioner; EHR, electronic health records.
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Background Lower respiratory tract infections (LRTI) are common and can trigger
acute cardiovascular diseases (CVD). Previous studies focussing on this associa-
tion only reported relative effect measures, leaving the population impact largely
unknown.

Methods This population-based study was based on routine health care data of
the Julius General Practitioners’ Network in the Netherlands and included patients
aged =40 years presenting with an LRTI to general practice between 2016-2019.
The burden of CVD following LRTI was assessed in three consecutive steps. First,
90-day incidence rates of CVD following LRTI were mapped for major adverse
cardiac and cerebrovascular events (MACCE), venous thromboembolism (VTE),
and new-onset atrial fibrillation (nAF). Second, incidence rate ratios (IRR) within
90 days following LRTI were estimated per CVD type, using a self-controlled case-
series analysis. Third, excess CVD cases associated with LRTI were calculated.

Findings In total, 11,065 patients contributed 16,497 LRTI episodes. The 90-day
incidence rate per 1,000 LRTI patients was 4.2 (95% Cl 3.3-5.3, n=69) for MACCE,
2.7 (1.9-3.6, n=44) for VTE, and 6.6 (5.4-8.1, n=96) for nAF. IRRs of CVD within 0-90
days following LRTI were 1.3 (1.0-1.8) for MACCE, 6.8 (4.4-10.4) for VTE, and 2.9
(2.3-3.7) for nAF. For all CVD types, IRRs were highest in the first week following
LRTI. Per 1,000 LRTI patients, 0.5 (-0.5-1.6) to 1.1 (0.1-2.4) excess MACCE, 2.1
(1.1-3.6) to 3.0 (1.8-4.9) excess VTE, and 2.3 (1.1-3.7) to 4.4 (2.9-6.2) excess nAF
diagnoses were associated with LRTI.

Interpretation The temporal increase in CVD-risk following LRTI culminates into
5-9 excess acute CVD per 1,000 LRTI patients aged =40 years. Given the large num-
ber of LRTI patients during seasonal outbreaks, this implies a need for targeted
preventative interventions and patient-focussed campaigns to increase seasonal
vaccine uptake.



Excess cardiovascular risk following LRTI

INTRODUCTION

Lower respiratory tract infections (LRTI) are among the most common infections en-
countered in general practice, with an annual incidence of approximately three percent.’
Evidence is accumulating that LRTlIs increase risk of acute cardiovascular disease (CVD),
such as myocardial infarction (M), stroke, venous thromboembolism (VTE), and atrial
fibrillation.>” This risk is particularly increased during the first two weeks following infec-
tion, but remains elevated until at least 90 days after LRTI diagnosis.”* Specific pathogens,
notably S. pneumoniae, influenza and SARS-CoV-2 virus, have particularly been associated
with cardiovascular sequelae, and clinical evidence from the COVID-19 pandemic further
underlined the association between viral LRTI and CVD.**

Previous studies focussing on the association between LRTls and CVD in general practice
mainly relied on relative effect measures, with landmark studies published some 20 years
ago.”* However, relative measures do not provide insight into absolute excess CVD risk
associated with LRTI, leaving the population impact and need for risk mitigating strate-
gies largely unknown.

To unravel the population impact and guide preventative interventions, evidence on ab-
solute excess CVD risk across CVD types and patient characteristics is pivotal. To this end,
we first calculated the absolute 90-day incidence of major adverse cardiac and cerebro-
vascular events (MACCE), VTE, and new-onset atrial fibrillation (nAF) in adults presenting
to their general practitioner (GP) with LRTI across various patient characteristics such age,
sex, and co-morbidities. Second, we estimated incidence rate ratios (IRR) for a 90-day risk
period following LRTI diagnosis per CVD type using a self-controlled case-series (SCCS)
design. Finally, we estimated excess CVD risk associated with LRTI for a broad range of
CVD types.

METHODS

Study design

This retrospective cohort study based on routine electronic health records (EHR) data was
designed in three consecutive steps. First, we summarised 90-day CVD incidence (MACCE,
VTE, and nAF) in the general population (population cohort) and in patients following
an LRTI diagnosis (LRTI cohort) (step 1). Next, we performed a nested SCCS analysis to
estimate incidence rate ratios (IRR) of these three CVD types within 90 days following
LRTI compared to a control (non-LRTI) period (step 2). By design, SCCS studies rule-out
all time-invariant confounding through within-patient comparisons, thus allowing us
to estimate robust IRRs.” Finally, based on the results from step 1 and 2, we calculated
excess CVD risk associated with LRTI (step 3).

203

-4}
-
[
=
(=9
(1]
=
(&)




Chapter 8

While reporting, we adhered to the STROBE'' and ROBINSE' checklists.

Participants

Study cohorts were derived from the Julius General Practitioners’ Network (JGPN) and
have been described in detail elsewhere.” In short, JGPN holds longitudinal routine pri-
mary care data on approximately 450,000 patients annually from approximately 70 par-
ticipating general practices in the Netherlands, representative of the Dutch population.'
It contains structured data on patient demographics, medical history and diagnoses
(using International Classification of Primary Care (ICPC) codes), consultations (including
clinical notes), and medication use. JGPN data was linked on a patient level to hospitalisa-
tion (Dutch Hospital Data (DHD)) and mortality data (National Mortality Registry).

From JGPN, we included all patients aged =40 years between 1 January 2016 and 31
December 2019 in the population cohort, irrespective of prior CVD history (Figure 1A).
The years of the COVID-19 pandemic (2020-2023) were deliberately not included in the
study period, since LRTI aetiology was dominated by SARS-CoV-2 and LRTI incidence and
severity may not resemble those of the current post-pandemic period.”” We then selected
all patients with a GP-diagnosis of LRTI during the study period to derive the nested LRTI
cohort. For nAF analyses specifically, we selected LRTI patients without a prior AF diagno-
sis. Finally, from the LRTI cohort, we included all patients with at least one MACCE, VTE, or
nAF diagnosis during the study period in the respective nested SCCS cohorts.

Procedures

For the population cohort, baseline characteristics were collected on demographics
(age, sex), relevant comorbidities (diabetes, hypertension, rheumatoid arthritis, prior
MI, stroke, heart failure, and AF)'®, CVD outcomes during follow-up, and date of death
(where applicable). For the LRTI cohort, additional data were collected on date(s) of LRTI
diagnosis and influenza vaccinations during study conduct. Based on available LRTI ICPC
codes, an LRTI episode was defined as GP-diagnosis of either pneumonia (R81) or acute
bronchitis (R78). An LRTl-related consultation after a period of 28 days without LRTI con-
sultations was considered a new LRTI episode. Where applicable, multiple LRTI episodes
of individual patients were included.

To calculate 90-day incidence rates (IR) of CVD, we collected the follow-up time in days,

defined as the time from start of follow-up or JGPN registration (whatever came last) to
end of registration, end of follow-up, or death (whatever came first).
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A. Cohort structure

Population cohort LRTI cohort SCCS cohorts
f ) 4 N ( A
All patients >40 years enlisted in JGPN All patients from the population cohort with an All patients from the LRTI cohort with a
participating practices between 2016-2019 LRTI between 2016-2019 MACCE, VTE, or diagnosis between
2016-2019

Aim:

» Estimate IRRs of CVD following LRTI
(step 2)

* All LRTI patients with a CVD during the
study period were selected

Aim:
» Calculate absolute 90-day incidence rate of
CVD following LRTI (step 1)

* All patients with an LRTI during the

study period were selected » Using IRRs from SCCS cohorts, estimate
excess CVD associated with LRTI
Aim: \_ (step 3) )

» Calculate 90-day incidence rate of CVD in
population (step 1)

- J

B. Flow of patients through study MACCE - SCCS cohort
406 patients
542 outcomes.

| S —

)
JGPN (2016-2019) Population cohort LRTI cohort S el
148,539 patients aged 144,884 patients 11,065 patients 3 ot

! 186,623,974 person-days 15,222,512 person-days 130 pufients
1 7,595 outcomes 1,143 outcomes CLEETES

- @@
1
I
v
nAF — SCCS cohort

>40 years

3,655 (2.5%) patients
could not be linked to 477 patients
hospitalisation and 477 outcomes

mortality data -~

931 duplicate outcomes

Figure 1. (a) Nested cohort construction and aim of respective cohorts, and (b) flow of patients
through study.

JGPN, Julius General Practitioners’Network; LRTI, lower respiratory tractinfection; CVD, cardiovascular
disease; IRR, incidence rate ratio; nAF, new-onset atrial fibrillation; MACCE, major adverse cardiac
and cerebrovascular event; VTE, venous thromboembolism; SCCS, self-controlled case-series.

We included three CVD types as outcomes of interest: (1) MACCE (acute coronary syn-
drome (i.e, Ml and unstable angina), stroke, and transient ischaemic attack (TIA)), (2)
VTE (pulmonary embolism (PE) and deep venous thrombosis (DVT)), and (3) nAF (i.e.,
first AF diagnosis). Outcomes were collected from JGPN (nAF, TIA and DVT only - since
these may be diagnosed and treated in general practice) and DHD (for all CVD, based
on ICD-10 codes of primary and secondary hospital diagnoses). Within JGPN, first ever
ICPC-registrations of nAF, TIA, or DVT without prior registration were considered as out-
comes of interest. For patients with a history of TIA or DVT and in whom a new TIA or DVT
consultation was registered during the study period, clinical notes were assessed by MHR
and TNP independently, to determine whether registration was attributable to a new
event or to a follow-up visit after a prior event. A new event was defined as a consultation
for new signs or symptoms registered by the GP as TIA or DVT.
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Chapter 8

We collected data, including date of diagnosis, on all CVD that occurred during the study
period for all patients of both the population and LRTI cohorts. Consecutive registration
within 7 days of identical diagnoses in JGPN and DHD data were considered duplicates.
Code-based definitions of all parameters and outcomes are presented in the Supplemen-
tary materials (Table S1).

Statistical analysis

For SCCS sample size calculations, expected IRRs of CVD within 90 days following LRTI
were based on prior research — approximately 1.8 for MACCE?, 2.5 for VTE’, and 2.0 for
nAF*" — with an estimated mean follow-up per participant of 3.5 years, 80% power and
alpha at 0.05. This resulted in a required sample size of 230 LRTI patients with MACCE, 82
with VTE, and 158 with nAF during the complete study period.

For step 1, IRs for all three CVD types were calculated in both the population cohort (over-
all 90-day IR) and LRTI cohort (90-day IR following LRTI diagnosis) with 95% confidence
intervals (Cl). IRs were stratified according to age, sex, LRTI diagnosis and comorbidities
at baseline.

For step 2, SCCS analyses were conducted for all three CVD types. MACCE and VTE
were considered (potentially) recurrent events, but nAF is non-recurrent by definition.
However, although developed for recurrent events, SCCS methods also accommodate
relatively rare non-recurrent events — such as nAF - provided that cumulative incidence
is below 10%."

For the SCCS analyses, all patients from the LRTI cohort with a MACCE, VTE, or nAF diagno-
sis during the study period were included in the respective analysis, and follow-up time
per individual patient was labelled as either risk or control period (Figure 2). As primary
analysis, post-exposure risk periods for which IRRs were determined were 0-7 days, 8-30
days, and 31-90 days following LRTI diagnosis. In addition, 0-90 day IRRs were estimated
to calculate excess CVD within 90 days following LRTI. A separate pre-exposure period
(14-1 days prior to LRTI diagnosis) was included to account for potential event-depen-
dent exposure bias, i.e.,, CVD temporarily increases risk of LRTI.' We applied a wash-out
period of 90 days following the risk period to minimize carry-over effects between risk
periods and control periods. All remaining person-time during the study period served
as control period. We excluded person-time serving as control period during the first 90
days of the study period to avoid misclassification, since we had no information on LRTI
diagnoses prior to the start of the study.
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Risk period Age (e.g) Other covariates

B 0-7days B 60 years » Influenza vaccination status

@ 8-30days M 61 years » (Acquired) history of diabetes or
O 31-90days W 62 years malignancy

F3 Wash-out period (90 days) > Seasonality

O Pre-exposure period (14 — 1 days)

]

Start of study period End of study period or
or JGPN enlistment JGPN enlistment

! ! |
e e e ey

CVD in control CVD in risk period
(non-LRTTI) period

LRTI

}
B e e, = = r22oo e ms
fo

CVD in control
(non-LRTI) period

CVD in risk period

Figure 2. Self-controlled case-series analysis structure and illustrative examples of timeline for
individual patients

Three illustrative examples of an individual patient’s timeline: A. one LRTI episode and two CVD
outcomes (in control and risk period), B. one LRTI episode and one CVD outcome (in control period),
C. two LRTI episodes and one CVD outcome (in risk period).

DM, diabetes mellitus; JGPN, Julius General Practitioners’ Network; LRTI, lower respiratory tract
infection; CVD, cardiovascular disease.

For each risk period, IRRs were estimated by fitting a conditional Poisson model using
full Poisson likelihood, with profile-likelihood estimation of 95% Cls. We adjusted for

0
P
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(1]
=
1S}

time-varying confounding by adding age (continuous), seasonality (3-month periods),
comorbidities diagnosed during study period (diabetes and malignancies), and influenza
vaccination status (no indication, vaccinated, or unvaccinated) to the model.

To explore the robustness of our findings, several sensitivity analyses were performed.
First, to account for potential diagnostic misclassification of LRTI (i.e., CVD-related
symptoms initially misdiagnosed as LRTI, while progression of symptoms results in a
subsequent CVD diagnosis) we applied varying definitions of the risk period directly fol-
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lowing LRTI diagnosis for the primary analysis. In addition to the 0-7 days risk period,
we excluded person-time and outcomes (1) on the day of LRTI diagnosis (adjusted risk
period: 1-7 days), (2) on the first two days following LRTI diagnosis (adjusted risk period:
2-7 days), and (3) on the first three days following LRTI diagnosis (adjusted risk period:
3-7 days). Second, a key assumption of SCCS is that outcome events do not affect subse-
quent exposures. Since CVD may increase the probability of death, follow-up following
outcomes may be shorter, thereby decreasing the probability of subsequent exposures.
To assess the impact of mortality on our results, we performed two sensitivity analysis in
which we (1) excluded all patients who died during the study period'®, and (2) applied
the end of the study period as end of follow-up, had death not occurred.’ Third, prior CVD
may increase the probability of a recurrent event, possibly violating assumptions regard-
ing independent recurrences of events. We therefore conducted two sensitivity analyses
(1) by including only first CVD diagnoses and (2) by adjusting for CVD recurrence."® Finally,
we explored the impact of extending the pre-exposure risk period from 14 to 28 days.

For step 3, we calculated the excess CVD cases associated with LRTI based on observed
CVD incidences in the control period and estimated IRRs for the risk period obtained from
the SCCS analyses (Supplementary file S2). Since the SCCS cohorts were nested in the LRTI
cohort, we could subsequently calculate the excess CVD cases per 1,000 LRTI episodes.

All analyses were performed in R version 4.4.2, using the SCCS (sample size calculations),
epitools (incidence calculations), and gnm (conditional Poisson modelling) packages.

RESULTS

Between 2016-2019, 148,539 participants aged =40 years were enlisted in JGPN
(Figure 1B). Of these, 144,884 (97.5%) participants could be linked to hospitalisation
data and were included in the population cohort, contributing a total follow-up of
186,623,974 person-days (Table 1). Among participants of the population cohort, 11,065
were diagnosed with one or more LRTI during the study period and thus included in the
LRTI cohort, contributing a total of 16,497 LRTI episodes of which 9,384 (56.9%) were
registered as pneumonia. The LRTI cohort had a median age of 62 years (interquartile
range (IQR) 52-72) and 6,206 (56.1%) patients were female. Among LRTI patients, 10,788
had no prior history of AF (Table S3).
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Table 1. Baseline characteristics of population cohort and LRTI cohort at start of follow-up

Population cohort LRTI cohort

Total, n 144 884 11065
Total follow-up time (days) 186 623 974 15222512
Median age at inclusion, years (IQR) 52 (44 - 63) 62 (52-72)
Female sex, n (%) 74 596 (51.5) 6 206 (56.1)
Mean follow-up time, years (SD) 3.5(1.0) 3.8(0.8)
LRTI episodes during study period, n (%)

0 133819(92.4) -

1 7 808 (5.4) 7 808 (70.6)

2 2054 (1.4) 2054 (18.6)

3 693 (0.5) 693 (6.3)

4 299 (0.2) 299 (2.7)

=5 211(0.1) 211(1.9)
Medical history, n (%)

Hypertension 42 699 (29.5) 4418 (39.9)

Atrial fibrillation 3349 (2.3) 277 (2.5)

Diabetes 3835(2.6) 579 (5.2)

Mpyocardial infarction 4071 (2.8) 554 (5.0)

Heart failure 2512(1.7) 477 (4.3)

Stroke 3534 (2.4) 425 (3.8)

Rheumatoid arthritis 813 (0.6) 150 (1.4)
Per unique LRTI episode
Number of LRT episodes - 16 497
LRTI diagnosis, (%)

Acute bronchitis - 7113 (43.1)

Pneumonia - 9384 (56.9)

LRTI, lower respiratory tract infection; IQR, interquartile range; SD, standard deviation.

Among participants of the population cohort, 7,595 outcomes were registered during the
study period: 3,800 MACCE, 835 VTE, and 2,960 nAF diagnoses (Table S4). The observed
90-day IR per 1,000 participants was 1.8 (95% Cl 1.8-1.9) for MACCE, 0.4 (0.4-0.4) for VTE,
and 1.5 (1.4-1.5) for nAF (Table S5).

Among patients with an LRTI episode during the study period, 1,143 outcomes were
registered: 542 MACCE, 124 VTE, and 477 nAF diagnoses (Table S6). Of these, 69 MACCE,
44 VTE, and 96 nAF diagnoses were registered within 90 days following LRTI diagnosis,
resulting in IRs of 4.2 (3.3-5.3) for MACCE, 2.7 (1.9-3.6) for VTE, and 6.6 (5.4-8.1) for nAF
within 90 days following LRTI per 1,000 LRTI patients (Table 2). The median time to out-
come in days from LRTI diagnosis was 45 (IQR 6-66) for MACCE, 9.5 (2-42.5) for VTE, and
10.5 (1-29) for nAF (Figure S7).
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Incidence of all CVD types within 90 days following LRTI diagnosis were higher in patients
diagnosed with pneumonia: 4.7 (95% Cl 3.4-6.3) for MACCE, 4.4 (3.1-5.9) for VTE, and
8.4 (6.6-10.7) for nAF (Table S5). In addition, 90-day MACCE incidence following LRTI
diagnosis was particularly high in male patients (6.1 (4.4-8.2)), patients with heart failure
(8.9 (3.8-17.5)), diabetes (7.5 (3.0-15.5)), and hypertension (6.7 (4.9-9.0)). 90-day VTE
incidence following LRTI was most pronounced in the lower age categories, i.e., between
40-49 years (3.0 (1.3-6.0)) and 60-69 years (4.0 (2.3-6.4)). nAF incidence within 90 days
following LRTI diagnosis increased with age and was especially high in those with heart
failure (26.2 (14.7-43.2)), diabetes (10.9 (4.7-21.5)) and hypertension (9.7 (7.3-12.6)).

Table 2. 90-day incidence rate following LRTI diagnoses per cardiovascular disease type

90-day incidence rate following LRTI diagnosis per 1 000 LRTI patients (95% Cl)

MACCE VTE New-onset AF'
Overall 4.2 2.7 6.6
(3.3-5.3) (1.9-3.6) (5.4-8.1)
LRTI diagnosis
Pneumonia 4.7 4.4 84
(3.4-6.3) (3.1-5.9) (6.6-10.7)
Age
40-49 1.1 3.0 0.4
(0.2-3.3) (1.3-6.0) (0.0-2.2)
50-59 24 1.8 1.6
(1.0-4.8) (0.7 -4.0) (0.5-3.8)
60 - 69 5.5 4.0 7.7
(3.4-8.3) (23-64) (5.1-11.1)
70-79 48 28 10.6
(2.9-7.5) (1.4-5.0) (7.4-14.7)
>80 6.6 1.2 14.0
(3.9-10.6) (0.2-3.4) (9.2-204)
Sex
Female 2.7 2.2 53
(1.7-4.0) (1.3-3.3) (3.9-7.1)
Male 6.1 33 8.4
(44-8.2) (2.1-5.0) 6.2-11.0)
Medical history
Diabetes 75 2.1 10.9
(3.0-15.5) (0.3-7.8) (4.7 -21.5)
Hypertension 6.7 1.8 9.7
(4.9-9.0) (0.9-3.1) (73-12.6)
Rheumatoid arthritis 3.9 3.9 9.3
(0.1-21.7) (0.1-21.7) (1.1-33.5)
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Table 2. 90-day incidence rate following LRTI diagnoses per cardiovascular disease type

90-day incidence rate following LRTI diagnosis per 1 000 LRTI patients (95% Cl)

MACCE VTE New-onset AF'

Mpyocardial infarction 19.2 2.3 15.7

(11.2-30.8) (0.3-8.2 (7.8-28.0)
Stroke 25.7 2.9 22.7

(15.2 - 40.6) (0.3-10.3) (12.1-38.9)
Heart failure 8.9 0.0 26.2

(3.8-17.5) (0.0-4.1) (14.7 -43.2)
Atrial fibrillation 44 0.7 -

(1.6 -9.6) (0.0-4.1)

! Incidence rates of new-onset atrial fibrillation were calculated among LRTI patients without a
history of prior atrial fibrillation.

Cl, confidence interval; MACCE, major adverse cardiac and cerebrovascular event; VTE, venous
thromboembolism; AF, atrial fibrillation; LRTI, lower respiratory tract infection.

From the LRTI cohort, 406, 99, and 477 individual patients with at least one MACCE, VTE,
and nAF diagnosis were included in the respective SCCS analyses, of whom 18 (4.4%), 5
(5.0%), and 24 (5.0%) died during the study period, respectively (Table S8). For MACCE,
IRRs were 3.7 (95% Cl 2.2-5.8) within 0-7 days, 0.6 (0.3-1.2) within 8-30 days, and 1.3
(0.9-1.8) within 31-90 days from LRTI diagnosis (Table 3), with a 0-90 days IRR of 1.3
(1.0-1.8). For VTE, IRRs were 30.3 (17.0-52.0) within 0-7 days, 8.5 (4.5-15.2) within 8-30
days, and 2.4 (1.1-4.6) within 31-90 days from LRTI diagnosis, with a 0-90 days IRR of 6.8
(4.4-10.4). For nAF, IRRs were 14.6 (10.4-20.0) within 0-7 days, 3.3 (2.2-4.8) within 8-31
days, and 1.0 (0.6-1.6) within 31-90 days following LRTI diagnosis, with a 0-90 days IRR of
2.9(2.3-3.7).

Upon excluding days directly following LRTI diagnosis from the risk period, IRRs de-
creased to 2.2 (0.9-4.3) for MACCE, 14.2 (5.4-31.4) for VTE, and 6.7 (3.6-11.4) for nAF
within 3-7 days following LRTI. Results obtained by additional sensitivity analyses did not
substantially differ from the primary analysis (Table S9).

Depending on risk period definition in the primary and sensitivity analyses, i.e., ranging
from 0-90 days to 3-90 days, the number of excess CVD cases within 90 days from LRTI
diagnosis per 1,000 LRTI episodes ranged from 1.1 (95% Cl 0.1-2.4) to 0.5 (-0.5-1.6) for
MACCE, from 3.0 (1.8-4.9) to 2.1 (1.1-3.6) for VTE, and from 4.4 (2.9-6.2) to 2.3 (1.1-3.7) for
nAF, respectively (Table 4, Table S10).

211

-4}
-
[
=
(=9
(1]
=
(&)




Chapter 8

Table 3. Estimated incidence rate ratio per acute cardiovascular disease type and per risk period
following LRTI diagnosis

Risk period Incidence rate ratio (95% Cl)

Days following LRTI diagnosis MACCE VTE New-onset AF
0-7 days 37(.2-5.38) 30.3(17.0-52.0) 14.6 (10.4 — 20.0)
1-7 days 3.1(1.7-5.2) 21.1(10.5-39.4) 9.2(59-13.7)
2-7 days 29(1.5-5.1) 18.1 (8.2 -36.0) 74(43-11.7)
3-7days 2.2(0.9-43) 14.2(5.4-31.4) 6.7(3.6-11.4)
8-30days 0.6(03-1.2) 8.5(4.5-15.2) 33(2.2-4.8)
31-90 days 1.3(09-1.8) 24(1.1-4.6) 1.0(0.6-1.6)

In addition to the primary analysis (bold), sensitivity analyses were conducted that excluded follow-
up time and outcomes on the day(s) of, and directly following, LRTI diagnosis to explore the impact
of potential diagnostic misclassification.

Cl, confidence interval; LRTI, lower respiratory tract infection; MACCE, major adverse cardiac and
cerebrovascular event; VTE, venous thromboembolism; AF, atrial fibrillation.
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DISCUSSION

This large population-based study with nested self-controlled case-series allowed for
robust estimations of excess CVD risk within 90 days following LRTI diagnosis across a
broad range of CVD types. For every 1,000 patients with a GP-diagnosis of LRTI, 4.2 and
2.7 are diagnosed with MACCE and VTE within 90 days, respectively, and per 1,000 LRTI
patients without prior AF diagnosis 6.6 are diagnosed with nAF. Of these events, and
depending on risk period definition, an estimated 0.5 to 1.1 MACCE, 2.1 to 3.0 VTE, and
2.3 to 4.4 nAF diagnoses are associated with LRTI. CVD risk was consistently highest in the
first week following LRTI diagnosis and remained elevated during the first month for VTE
and nAF. For MACCE and nAF, observed 90-day incidence rates following LRTI diagnosis
increased with age and were particularly high in patients with heart failure, diabetes
and hypertension. Contrary, for VTE the 90-day incidence rate following LRTI diagnosis
was most pronounced among younger patients. CVD incidence following LRTI diagnosis
was generally higher among patients diagnosed with pneumonia compared to acute
bronchitis.

In sensitivity analyses, we explored the impact of diagnostic misclassification potentially
introduced by using routine EHR data. IRRs within 0-7 days from LRTI diagnosis were
particularly inflated by PE and nAF diagnoses shortly following LRTI diagnosis, an issue
also observed in previous studies.*® Diagnostic misclassification is likely most relevant
for PE, with diagnostic delay being a well-known issue.”® Whether CVD-related symptoms
were initially misdiagnosed as LRTI, or CVD did indeed occur directly after LRTI diagnosis
in these cases cannot be accurately determined retrospectively. Our results, however,
provide robust evidence that CVD risk remains substantially increased even when ac-
counting for this potential misclassification.

The association between RTI and CVD has been established by previous studies, which
reported similar findings. A systematic review and meta-analysis on causal effects of RTls
on CVD found a 2.9-fold increase of Ml risk and 2.6-fold increase of stroke risk within 30
days from RTI diagnosis.* Risk of DVT within 30 days increased 1.9 to 2.6-fold, and risk
of AF 1.2-fold. In addition, a population-based case-control study reported an 8.1 higher
odds of PE for one year following pneumonia.”” The magnitude of these effects decreased
with increasing follow-up duration, which aligns with our findings that the vast majority
of CVD occur in the first week following LRTI diagnosis. Effect sizes also differed across
RTl type, i.e, relative risks were generally lower for upper RTIs than LRTls. Our finding that
CVD incidence is generally higher among patients diagnosed with pneumonia supports
the hypothesis that CVD risk may be related to RTI severity. In line with this, the 28-day
incidence of a composite outcome including M, stroke, TIA, and cardiovascular death in a
recent prediction modelling study among RTI patients was lower than in our pneumonia
population (0.3% versus 0.5%), with RTl type — notably LRTI or pneumonia — as important
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predictor.”’ Other predictors included in the model also align with the subset of patients
with higher CVD risk identified in our study: increasing age, history of heart failure and
diabetes. In addition, our finding that CVD incidence is especially high among LRTI pa-
tients with diabetes or hypertension is consistent with results of another study.”

In LRTI patients, CVD are suggested to be triggered by physiological adaptive changes,
such as increased cardiac demand, systemic inflammation, and hypercoagulation.”
Studies on potential preventative interventions to mitigate CVD risk therefore targeted
these pathways, but results are inconsistent. An observational study among community-
acquired pneumonia patients found that aspirin use substantially reduced risk of Ml and
stroke.* Contrary, a trial on community patients with COVID-19 found no effect of aspirin
to prevent MI, stroke, or PE.*>

To the best of our knowledge, this study is the first to provide data on absolute excess risk
of CVD associated with LRTI across a broad range of CVD types and stratified according
to patient characteristics. Strengths include the comprehensive population-based cover-
age of CVD following LRTI, both in terms of methods (mapping of incidence, estimating
causal effects and absolute excess risk) and CVD endpoints. The nested cohort structure

allowed us to calculate excess CVD risk where previous studies could not.?

Some limitations, however, deserve consideration. First, since we estimated causal effects
with observational data, these may suffer from residual confounding. Although SCCS
analyses are designed to rule-out time-invariant confounding and several important
time-varying confounders were adjusted for, some residual time-varying confounding
may exist. In particular, data on smoking status and medication use (e.g., anticoagulants,
statins, non-steroidal anti-inflammatory drugs) were lacking in our study. Whether smok-
ing status should be considered as time-varying confounder during our four-year study
period could, however, be debated, given the low cessation success rates.”’ Moreover, by
adjusting for history of MACCE and VTE in a sensitivity analysis, confounding by antico-
agulant use has been partly accounted for. Second, calculations of excess CVD were made
under the assumption that these events would not have occurred in the counterfactual,
that is, would LRTI not have occurred. Third, our definition of LRTI did not include exac-
erbations of chronic obstructive pulmonary disease (COPD), since these could not be
distinguished from routine COPD follow-up consultations in our data. This may have led
to an underestimation of the observed causal inferences, since COPD exacerbations, of-
ten triggered by RTIs, are now included in control period whereas they have been linked
to increased CVD risk.”® We may have even further underestimated the burden of CVD
following LRTI since we only included medically attended LRTls and some CVD may have
remained clinically undetected.”
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Albeit the absolute excess CVD risk associated with LRTI may seem modest, approximate-
ly 1 out of 30 adults are diagnosed with LRTI annually of whom an estimated 0.5-0.9%
will develop LRTI-associated CVD. Moreover, CVD incidence following LRTI varies across
patient characteristics which open venues for tailored preventative interventions. The
finding that CVD risk increases with RTI severity warrants policy aimed at increasing
seasonal vaccine uptake. Communication strategies could, for example, increase popu-
lation awareness of the potential benefit of vaccinations in reducing CVD risk among
those at highest CVD risk. For these patients, tailored interventions - e.g., low-cost and
low-risk interventions to reduce LRTI severity3°, antithrombotic treatment to prevent
thromboembolic events or targeted case-finding strategies for nAF — deserve further
investigation, as well as strategies aimed at increasing clinicians’ awareness of CVD risk
associated with LRTI. Future interventions should be developed in co-creation with all
relevant stakeholders, including patients, who need to carefully weigh pros (benefits) and
cons (risk of side-effects, costs) of any strategies prior to large-scale evaluation of clinical
and cost-effectiveness.
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Chapter 8

Supplementary file S2. Methods for calculating excess CVD cases

To determine the excess risk of acute cardiovascular disease (CVD) associated with lower
respiratory tract infections (LRTI), we calculated the excess number of major adverse
cardiac and cerebrovascular events (MACCE), venous thromboembolism (VTE), and
new-onset atrial fibrillation (nAF) diagnoses within 90 days from LRTI diagnosis using the
following procedure.

First, we obtained the control period incidence rate of CVD (IR o) from the SCCS cohort:

IR _ No. of CV D in control period
control = Persontime (days) in control period

Next, we calculated the excess incidence rate of CVD (IRecess) during the 90-day risk period
in the SCCS cohort. The IRycess Was obtained by multiplying the adjusted incidence rate
ratio (IRR) following LRTI by the IR o This formula includes the IRR minus one to arrive
at the excess rate relative to the control rate. This step was repeated for the values of the
IRR reflecting the 95% confidence interval (Cl) :

b. IRcpcess = IReontrot ¥ ((IRR +95% CI) - 1)

Subsequently, we used the excess CVD incidence rate to calculate the total number of
excess CVD cases (EC.) in the SCCS cohort that can be attributed to LRTI:

C. ECotal = IReycess X (persontime (days) in risk period)

In the final step we calculated the mean 90-day excess CVD risk per 1,000 LRTI episodes.
All CVD cases in the LRTI cohort were included in the SCCS-cohort and by definition, no
excess cases among LRTI patients could have occurred outside the SCCS cohort. There-
fore, this total number calculated in step ¢ (EC;o1;) Was used as the numerator for the total
LRTI cohort. The mean 90-day excess CVD risk per 1,000 LRTI episodes was subsequently
calculated using the total number of episodes in the LRTI cohort as the denominator:

. ECioa £95% CI
d. Ezxcess CV D cases per 1,000 LRTI episodes = = no“o‘f’LRT?episodes x 1,000

For the excess risk of nAF specifically, the total number of LRTI episodes in the
denominator was based on patients without a prior history of AF.
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Table S3. Baseline characteristics of population cohort and LRTI cohort without history of atrial
fibrillation

Population cohort LRTI cohort
Without history of AF Without history of AF

Total, n 141 449 10788
Median age at inclusion, years (IQR) 52 (44 - 63) 62 (51-72)
Female sex, n (%) 73107 (51.7) 6 084 (56.4)
Mean follow-up time, years (SD) 3.5(1.0) 3.8(0.6)
Medical history, n (%)

Hypertension 40702 (28.8) 4242 (39.3)

Diabetes 3599 (2.5) 549 (5.1)

Mpyocardial infarction 3789(2.7) 516 (4.8)

Heart failure 1913 (1.4) 424 (3.9)

Stroke 3226(2.3) 411 (3.8)

Rheumatoid arthritis 782 (0.6) 146 (1.4)
Per unique LRTI episode
Number of LRTI episodes - 16 092
LRTI diagnosis, (%)

Acute bronchitis - 6916 (43.0)

Pneumonia - 9176 (57.0)

LRTI, lower respiratory tract infection; IQR, interquartile range; SD, standard deviation.

Table S4. Acute cardiovascular diseases in the general population during the study period

Outcomes during study period

Diagnosis
Separate diagnoses Total within category
MACCE 3800
ACS 1963
Stroke 1176
TIA 661
VTE 835 <
Pulmonary embolism 519 g
bvT 316 _g
o
New-onset AF 2960 2960

MACCE, major adverse cardiac and cerebrovascular event; ACS, acute coronary syndrome; TIA,
transient ischaemic attack; VTE, venous thromboembolism; DVT, deep venous thrombosis; AF, atrial
fibrillation.
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Table S5. 90-day incidence rate per acute cardiovascular disease type in the population and within
90 days following pneumonia diagnosis

90-day incidence rate per 1 000 persons (95% Cl)

MACCE VTE New-onset AF
Population ~ Pneumonia Population  Pneumonia Population ~ Pneumonia
overall 1.8 4.7 0.4 4.4 1.5 8.4
(1.8-1.9) (3.4-6.3) (0.4-04) (3.1-5.9) (14-15) (6.6-10.7)
Age
40-49 0.4 2.1 0.2 55 0.2 0.7
(0.4-0.5) (0.4 -6.0) (0.1-0.2) (24-10.8) (0.2-0.2) (0.0-4.0)
50-59 1.2 29 0.3 35 0.5 1.2
(1.2-1.3) (1.0-6.9) (0.2-0.3) (1.3-7.7) (0.5-0.6) (0.2-4.5)
60-69 22 6.2 0.5 6.6 1.9 1.3
(21-24) (34-103) (04-06) (3.7-10.9) (1.7-2.0) (7.2-17.0)
70-79 39 5.6 0.9 39 4.1 11.8
(3.7-4.1) (3.0-9.6) (0.8-1.0) (1.8-7.4) (39-44) (75-17.7)
>80 6.5 5.6 0.8 1.9 6.9 16.5
(6.0-7.00 (2.6-10.6) (0.6-1.0) (0.4-5.4) (6.4-75) (10.1-25.6)
Sex
Female 13 3.0 0.4 34 13 6.6
(1.3-1.4) (1.7-5.0) (0.3-0.4) (2.0-5.5) (1.2-1.4) (4.4-9.4)
Male 23 6.6 0.5 55 1.6 10.6
(23-24) (4.4-9.5) (0.4-0.5) (3.5-8.1) (16-17) (7.6-144)
Medical history
Diabetes 4.2 5.6 0.6 38 29 12.0
(3.7-47) (1.2-16.5) (04-08) (0.5-13.6) (25-34) (3.9-279)
Hypertension 33 8.5 0.6 35 2.8 13.8
(3.2-3.5) (5.8-12.0) (0.6-0.7) (1.8-5.9) (2.7-3.0) (10.0-18.6)
Rheumatoid 34 57 0.9 57 2.7 14.2
arthritis (24-47) (0.1-32.0) (04-17) (0.1-32.0) (1.8-3.9) (1.7-514)
Mpyocardial 17.2 17.0 0.7 1.4 54 220
infarction (16.1-18.3) (7.8-32.3) (0.5-09) (42-247) (4.8-6.1) (10.1-41.7)
Stroke 19.9 44.2 1.0 4.7 5.2 37.2
(18.6-21.3) (26.6-69.0) (07-13) (0.6-16.8) (45-6.0) (19.8-63.7)
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Table S5. Continued

90-day incidence rate per 1 000 persons (95% Cl)

MACCE VTE New-onset AF
Population ~ Pneumonia Population ~ Pneumonia Population ~ Pneumonia
Heart failure 6.8 229 14 1.8 12.6 46.4
(58-7.8) (12.2-39.1) (1.0-1.9) (0.0-9.8) (11.2-14.2) (27.0-74.2)
Atrial fibrillation 5.0 37 0.5 25 - -
(4.5-5.6) (0.8-10.8) (0.3-0.6) (0.3-8.9)

Cl, confidence interval; MACCE, major adverse cardiac and cerebrovascular event; VTE, venous
thromboembolism; AF, atrial fibrillation.

Table S6. Acute cardiovascular diseases in LRTI cohort during study period

Study Following LRTI
Diagnosis A
Period 0- 90 days 1-90days 2-90days 3-90days
MACCE
ACS 273 30 28 28 26
Stroke 158 27 25 23 21
TIA 111 12 1 10 10
VTE
Pulmonary embolism 83 37 32 30 27
DvT 41 7 7 7 7
New-onset AF 477 96 77 69 65

LRTI, lower respiratory tract infection; MACCE, major adverse cardiac and cerebrovascular event;
ACS, acute coronary syndrome; TIA, transient ischaemic attack; VTE, venous thromboembolism;
DVT, deep venous thrombosis; AF, atrial fibrillation.
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Number of CVD
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Figure S7. Time to acute cardiovascular disease in weeks from LRTI diagnosis

LRTI, lower respiratory tract infection; CVD, cardiovascular disease; MACCE, major adverse cardiac
and cerebrovascular event; VTE, venous thromboembolism; nAF, new-onset atrial fibrillation.
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Table S8. Baseline characteristics of SCCS cohorts

Excess cardiovascular risk following LRTT

MACCE VTE New-onset AF
Total, n 406 99 477
Median age at inclusion, 69.5 (62 - 78) 67 (58.5-74) 72 (65 - 79)
years (IQR)
Female sex, n (%) 163 (40.1) 56 (56.6) 237 (49.7)
Mean follow-up time, 3.9(0.4) 3.8(0.5) 3.8(0.5)
years (SD)
Influenza vaccinations
between 2015-2019, n (%)
No indication 21(5.2) 12(12.1) 18(3.8)
0 145 (35.7) 38(38.4) 145 (30.4)
1 33(8.1) 10(10.1) 47 (9.9)
2 33(8.1) <10 (¥) 43 (9.0)
3 42(10.3) <10 (*) 54 (11.3)
4 51(1.3) <10 (¥) 61(12.8)
5 81 (20.0) 18(18.2) 109 (22.9)
(Acquired) history of, n
(%)
Diabetes 31(7.6) <10 (*) 40 (8.4)
Malignancy 52(12.8) 18(18.2) 79 (16.6)
Number of respective CVD
i f 0,
d“”i"g study period, n (%) 317(78.1) 78 (78.8) 477 (100.0)
52 89(21.9) 21(21.2) -
Death during study period 18 (4.4) 5(5.0) 24 (5.0)

* As per output restrictions of Statistics Netherlands (CBS), it is not allowed to present values based
on fewer than 10 observations. These values are therefore indicated with ‘<10’ To be able to report
the number of deaths during the study period we received an exemption for these specific values.

SCCS, self-controlled case-series; MACCE, major adverse cardiac and cerebrovascular event; VTE,
venous thromboembolism; AF, atrial fibrillation; CVD, cardiovascular disease; SD, standard deviation;
MACCE, major adverse cardiac and cerebrovascular event.
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Table S9. Estimated incidence rate ratios per cardiovascular disease type within 90 days following
LRTI diagnosis from additional sensitivity analyses

Risk period Incidence rate ratio (95% Cl)
Days following LRTI diagnosis MACCE VTE New-onset AF
Primary analysis
0-90 days 1.3(1.0-1.8) 6.8 (4.4-10.4) 29(2.3-3.7)
Sensitivity analyses (0-90 days)
Excluding patients who died 1.3(1.0-1.8) 6.4 (4.1-9.9) 2.7 (2.1-3.5)
during study period

Extended follow-up after death 1.3(1.0-1.8) 6.8 (4.4-10.4) 2.9(2.3-3.7)
First events only 1.2(0.8-1.6) 53(3.0-9.2) 29(2.3-3.7)
Adjusted for MACCE and VTE 1.3(1.0-1.8)

recurrence 6.8 (4.4-10.4) 2.9(2.3-3.7)
Extended pre-exposure period 1.3(1.0-1.8)

(28 days) 6.6 (4.3-10.2) 3.0(2.3-3.8)

LRTI, lower respiratory tract infection; Cl, confidence interval; MACCE, major adverse cardiac and
cerebrovascular event; VTE, venous thromboembolism; AF, atrial fibrillation.
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General discussion

In this thesis, | aimed to improve the prognostication of adults diagnosed with a lower
respiratory tract infection (LRTI) by their general practitioner. While doing so, | considered
a broad range of relevant outcomes, with a particular focus on cardiovascular disease
(CVD). To this end, | combined state-of-the-art prognostic and etiologic research meth-
ods, including natural language processing (NLP), to evaluate the impact of CVD on the
prognosis of LRTI as both a predictor and an outcome.

This thesis is the result of a trajectory combining a GP residency training with a position
as clinician-researcher and | will therefore primarily discuss the implications of my thesis’
findings in the context of the general practitioner’s (GP) consultation room.

| will first briefly summarise the main findings of this thesis. Next, | will discuss how the
individual risk prediction model for 30-day all-cause hospitalisation or mortality based
on structured electronic health records (EHR) data may improve patient outcomes of
patients with LRTI in general practice (Chapter 5 and 7), while reflecting upon common
challenges and pitfalls of implementing prediction models in clinical practice. Then, | will
focus on the additional burden of LRTIs due to the temporary increased risk of acute car-
diovascular events as outlined in Chapter 8 and discuss potential strategies to reduce the
risk of these events. Finally, using an illustrative example of a targeted case-finding strat-
egy for new onset atrial fibrillation (nAF) in LRTI patients, | will elaborate on balancing the
risks and benefits of such a strategy and emphasize the need for tailored interventions to
avoid overdiagnosis and (subsequent) overtreatment as much as possible - in line with
the “first do no harm” principle.

Main findings of this thesis

The majority of my thesis centred around improving the prognostication of patients
presenting to general practice with LRTI in terms of a complicated disease trajectory, that
is, all-cause hospitalisation or mortality within 30 days from LRTI diagnosis. | synthesised
available prognostic literature for these outcomes (Chapter 2) and found that previously
developed prediction models are currently not suitable for implementation in everyday
clinical practice due to high risk of bias and incomplete assessment of model perfor-
mance. However, promising prognostic factors to be considered when developing a new
model were identified. As preparatory work, | elaborated on the design and rationale of
the prediction modelling study (Chapter 3) and evaluated recording patterns of signs
and symptoms in EHR clinical notes (Chapter 4) - in which a substantial amount of non-
recorded, and, when recorded, potentially selective values were observed. In Chapter 5,
| developed and externally validated a new prediction model based on readily available
structured EHR data on demographics, medical history, medication use, and type of LRTI.
The model stratifies LRTI patients based on 30-day risk of all-cause hospitalisation or
mortality and showed promising model performance upon external validation. During
further preparatory work, | fine-tuned and compared Dutch large language models for
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extraction of data on signs and symptoms from EHR clinical notes (Chapter 6), demon-
strating good performance. In Chapter 7, it was reported that, although these signs and
symptoms improved model performance beyond age and sex, their incremental value
beyond the structured EHR-based predictors from Chapter 5 was limited for prediction of
30-day all-cause hospitalisation or mortality.

In Chapter 8, | shift the focus to the temporary increased risk of acute cardiovascular
events attributable to LRTIs. Although this association has been well-established in
previous studies, absolute risks were not reported, thus leaving the population impact
unknown. | estimated that, among adult patients with LRTI, the risk of major adverse
cardiac and cerebrovascular events (defined as acute MI, stroke, or transient ischaemic
attack (TIA)) increased by 1.3-fold, the risk of venous thromboembolism (VTE, defined as
PE or DVT) by 6.8-fold, and the risk of nAF by 2.9-fold within 90 days following LRTI diag-
nosis, culminating in approximately five to nine excess cardiovascular events per 1,000
LRTI patients.

PREDICTION MODELS: FROM PAPER TO PRACTICE

The ultimate goal of a newly derived prediction model is to improve individual patient
outcomes in every clinical practice. For diagnostic models, this may entail accurate pre-
diction of a patient’s diagnosis to effectively guide management strategies. Prognostic
models, on the other hand, can guide preventative or therapeutic (mitigative) manage-
ment decisions when accurately estimating individuals’risk of future health outcomes.

Although thousands of predictions models have been developed, only few make it to
clinical practice guidelines and are applied in everyday practice.' Guidelines of the Dutch
College of General Practitioners currently include prognostic and diagnostic models,
mainly in the field of CVD. For example, to support GPs in the diagnostic process of VTE,
two models can estimate risk of PE (the YEARS algorithm?) and DVT.? In addition, the
SCORE2 model predicts the 10-year risk of fatal and non-fatal cardiovascular events in
community individuals without prior CVD or diabetes and can be used to guide preven-
tive CVD strategies, including lifestyle.

The model reported in Chapter 5 of my thesis was developed to predict individual risk
of all-cause hospitalisation or mortality within 30 days following LRTI diagnosis. It could
therefore aid GPs in identifying LRTI patients at highest risk of a complicated disease
trajectory. Given the high incidence of LRTIs in general practice — roughly three percent
of the adults present to their GP with a community-acquired LRTI annually’ - and the
diagnostic challenges to identify those with more severe infections, e.g.,, community-
acquired pneumonia (CAP)®’, the prediction model addresses a relevant clinical problem.
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Hurdles on the way to implementation

Notwithstanding the potential clinical relevance of a prediction model, there are many
reasons why a prediction model does not make it to clinical practice, as has previously
been depicted as the ‘leaky prognostic model adoption pipeline’ by Van Royen et al.® Ap-
plying this ‘framework’ to the prediction models reported in Chapter 5 and 7, with the
‘final’model as presented in Chapter 5 considered as the preferred model, we could argue
that the first two out of four hurdles of bringing a prediction model to clinical practice
have successfully been overcome (Table 1). First, | have developed a prediction model
for a clinically relevant problem based on predictors that are readily available from EHR.
Integration within EHR systems should therefore be relatively straightforward, facilitating
easy use by GPs in the consultation room. Second, the model has been developed using
state-of-the-art techniques and has been externally validated in recent (post-pandemic)
data, showing promising model performance. Whether the model will have a positive
impact on individual patient outcomes (hurdle three) and, will ultimately be adopted
(hurdle four) is, however, yet to be determined.

Table 1. Hurdles on the way to model adoption applied to our model

Hurdle How this was overcome

Fit for purpose Relevant clinical problem in well-defined population, readily available
predictors, easy-to-use model, reliable outcome measurement

Validation State-of-the-art model development (minimising overfitting), temporal
internal-external cross-validation, external validation in (recent) post-
pandemic data

How to overcome

Implementation Define position within current clinical practice, define actionable risk thresh-
olds, apply user- and patient centred implementation strategy and assess
effects on relevant patient outcomes

Adoption Integration within general practice electronic health records to provide point-
of-care predictions

As proposed by Van Royen et al. Eur Resp J (2022).

Indeed, a well-developed and accurate prediction model does not guarantee that it will
have clinical value when used for a patient in the GP’s consultation room. A common
issue for models developed using EHR data is that these may incorporate predictors that
are selectively reported, as is the case for signs, symptoms, and vital sign measurements
as described in Chapter 4. When clinicians — urged by using such a prediction model -
start to routinely assess these predictors, their predictive value, and thus the predictive
performance of the model as a whole will change. This problem is also referred to as ‘the
curse of knowing’® Prediction models that do not include predictors with informative
missingness, as is the case for our ‘final’ model reported in Chapter 5 which incorporates
solely structured EHR data, may circumvent this problem and provide accurate
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predictions when used in clinical practice. Nevertheless, even when a model generates
accurate predictions it does not necessarily lead to improvement of patient outcomes,
as previous studies have shown. For example, the impact of using a model that predicts
31-day mortality risk among patients presenting to the emergency department (RISK™°™)
- developed to support rapid risk stratification and optimise allocation of healthcare
resources — was evaluated in a randomised controlled trial. Although the model yielded
accurate predictions that outperformed both clinical intuition and prevailing risk
prediction tools (i.e, NEWS'®, APACHE II'", and SOFA™), it did not alter treatment decisions
or clinical outcomes."” Moreover, in the absence of benefits for individual patients, use of
prediction models can even result in adverse effects in terms of increasing the burden
on healthcare resources. This was the conclusion of the PRISMATIC randomised stepped-
wedge trial, in which the introduction of a predictive risk stratification model (PRISM)
- estimating risk of emergency hospital admission within a year for patients registered
in general practice - led to an increase in emergency department visits, hospitalisations,
and healthcare costs." Furthermore, recent insights on the clinical impact of prediction
models emphasize that, although accurate, predictions may even lead to harmful self-
fulfilling prophecies.” For example, clinicians may be more inclined to refrain from
intensive treatment in patients with a predicted poor prognosis, whereas these patients
could actually benefit most. Post-deployment model performance would remain
favourable in these situations, which underlines the importance of a focus on relevant,
and preferably mitigatable, individual patient outcomes rather than prognostic accuracy
in the implementation phase of a model.

Bringing the newly derived model to the consultation room

What can we learn from these examples, in which accurate predictions have no, or even
counterintuitive, effects? And how could this help to bring the model developed in Chap-
ter 5 this thesis closer to successful implementation in clinical practice?

These studies show us that well-developed prediction models do not necessarily lead
to successful implementation. They underline the importance of acknowledging that a
prediction model will always be used alongside clinical judgement, and not as a stand-
alone decision tool - it is a decision support tool. This implies that, while developing and
implementing prognostic models, its role in the clinical decision-making process should
be given careful consideration before implementation, and its use by clinicians should
be actively studied during implementation to ensure it aligns with clinical practice to
maximise impact.'® Such a‘user-centred approach’also warrants predicted outcomes that
are clinically relevant and actionable, with easily interpretable guidance on the down-
stream interventions that could follow from explicitly defined thresholds. In other words,
it should be acknowledged that introducing a prediction model in clinical practice, even
in the case of accurate, user-centred and actionable models, is a complex intervention
demanding understanding, trust, and adherence of clinicians and clinical practice."”
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Returning to the prediction model developed in Chapter 5 of this thesis, | aimed to aid
GPs with stratification of LRTI patients based on short-term risk of hospitalisation or
mortality from any cause. | would argue that the outcome predicted by this model -
hospitalisation or mortality irrespective of the underlying cause - is particularly relevant
from the patients’ perspective and actionable from a GP’s point of view: whether a patient
diagnosed with LRTI will be hospitalised due to severe LRTI or, for example, deterioration
of concurrent heart failure may not be the relevant question for a patient. Timely recogni-
tion of deterioration and appropriate management aimed at preventing hospitalisation
is in the interest of both the patients and GP. This implies that the model should aid GPs
to identify those patients that need closer monitoring. Although the model is unlikely to
yield risks that justify hospital admission decisions and cannot be used to guide antibiotic
treatment as this was not modelled during development, the range of risks predicted by
the model - between 1.5% and 51.3% in the validation cohort — does include thresholds
that can be used to guide close monitoring strategies. Such strategies have no clear ad-
verse effects and thus a larger proportion of unnecessary monitoring in retrospect (‘false
positives’) is acceptable.

In sum, our prediction model may be used to aid GPs in deciding which LRTI patients
deserve closer monitoring to promptly recognize deterioration. Moreover, it can easily
be integrated in existing EHR systems since it is based on structured EHR data only. How-
ever, before widespread implementation, GPs, patients, and other relevant stakeholders
should inform clinically relevant risk thresholds and downstream intervention strategies
to ensure successful implementation, GPs’ adherence and trust, and alignment with the
patient’s perspective.

LRTI-ASSOCIATED CARDIOVASCULAR RISK: FROM
KNOWLEDGE TO PRACTICE

In Chapter 8 of this thesis, | have provided unique data on the absolute risk of a broad
range of cardiovascular events associated with community-acquired LRTI and estimated
excess cardiovascular event rates to provide insight into the population impact. Albeit
these absolute risks may seem modest at first glance, the studied acute cardiovascular
events are associated with high morbidity and mortality."® Moreover, LRTIs are among
the most common infections encountered in general practice — with an incidence of ap-
proximately three percent annually’ - thus culminating in a substantial number of excess
cardiovascular events.

Prediction of cardiovascular risk following LRTI could allow for early detection or even

prevention of cardiovascular events. However, the low (absolute) outcome event rates as
reported in Chapter 8 impede the development of clinically relevant prediction models."
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In such cases, a model’s discriminative ability may be high, but is largely driven by predict-
ing absence of the outcome. An illustrative example of this problem is the DASHI score,
predicting individual risk of a composite outcome including M, stroke, TIA, or death from
these diagnoses within 28 days following RTI diagnosis in general practice.®® With an
overall event rate of 0.3%, model performance in terms of discrimination (c-statistic 0.85
(95% Cl 0.85-0.85)) and calibration (observed to expected ratio 0.85 (95% Cl 0.85-0.85))
was promising. Individual predictions ranged from 0.04% to 35.6%, but the distribution
of predicted risks was not reported leaving the clinical relevance of the risks, theoretically,
unknown. Decision curve analysis, however, indicated negligible clinical benefit of the
DASHI score with a net benefit below 0.001 at a risk threshold of 1%.

Given the low absolute cardiovascular event rates following LRTI, | refrained from my
intention, as outlined in Chapter 3, to develop a prediction model for these outcomes.
Alternatively, | performed an etiologic study to estimate the excess cardiovascular risk
associated with LRTI to unravel the population impact. The gained insights could guide
potential interventions aimed at mitigating this risk. | found that, for every 1,000 patients
with GP-diagnosed LRTI, 0.5 to 1.1 cases of MI, stroke, or TIA, 2.1 to 3.0 cases of VTE, and
2.3 to 4.4 new diagnoses of AF within 90 days are attributable to LRTI. These figures were
based on estimated incidence rate ratios, indicating that LRTIs increased the risk of 90-
day cardiovascular events by 1.3-fold (95% Cl 1.0-1.8) for a composite of MI, stroke, or TIA,
6.8-fold (95% Cl 4.4-10.4) for VTE, and 2.9-fold (95% Cl| 2.3-3.7) for nAF.

LRTI-associated cardiovascular risk in context of well-established
CVDrrisk factors

How should we move from these risks to clinical implications? Do such risks justify efforts
to develop and test interventions aimed at early detection or prevention of cardiovascu-
lar events?

To provide some context to my findings in Chapter 8, let me compare the increased
short-term cardiovascular risk associated with LRTI to other, well-established, risk factors
and triggers for cardiovascular events (Figure 1). Smoking, for example, is well known to
increase the risk of a variety of cardiovascular diseases, including major adverse cardiac
and cerebrovascular events (MACCE). A large prospective cohort study with up to 20
years follow-up found that current smokers have a significantly increased risk of MACCE
compared to never-smokers (hazard ratio 1.7 (95% Cl 1.7-1.8)).”" In addition, evidence on
the association between hypertension and increased risk of MACCE is ample. A system-
atic review and meta-analysis of randomised trials generally spanning between 1 and
5 years found that, among individuals with hypertension, every 10 mmHg increase in
systolic blood pressure resulted in a relative risk (RR) of 1.3 (95% Cl 1.2-1.3) for MACCE.*
Importantly, these effects occurred following long-term exposure to either smoking or
hypertension and over a long follow up time. This is significantly different from a transient

238



General discussion

exposure such as LRTI, lasting days to some weeks, with only a temporarily increased
cardiovascular risk. Impact of long-term and transient exposures should therefore be
compared with caution. As a transient exposure, use of non-steroidal anti-inflammatory
drugs (NSAIDs) has also been linked to increased risk of MI. Use of any NSAID was related
to an increased odds of MI, with a 1.6-fold higher odds of Ml (95% Cl 1.2-2.0).” This find-
ing resulted in diclofenac being contraindicated in, among others, patients with a history
of ischaemic heart disease.”

Major adverse cardiac and cerebrovascular events

LRTI (90-day IRR)! | |F o |
1
Smoking (HR)> | | o—
SBP (RR per 10 mmHg increase, approx. 1-5 years)? E —0
Diclofenac use (OR for current use, 1-7 days)* i I O |
10 s 20
Venous thromboembolism
LRTI (90-day IRR)! X ! o ]
1
Combined oral contraceptive use (1-year RR)* : o
Long haul flights (IRR within 8 weeks)® E k @ |
Medical immobilisation (RR within days to a month)’ E 150}
t T T T
1 2 4 8

Figure 1. Comparison of cardiovascular risk following LRTI compared to risk effect estimates of well-
established CVD risk factors

1. Chapter 8 of this thesis. 2. Tasdighi et al. PLoS Medicine (2025). 3. Ettehad et al. Lancet (2016).
4. Bally et al. BMJ (2017). 5. Lidegaard et al. BMJ (2017). 6. Kuipers et al. PLoS Medicine (2007).
7. Pottier et al. Thromb Res (2009).

Abbreviations: LRTI, lower respiratory tract infections; IRR, incidence rate ratio; HR, hazard ratio; SBP,
systolic blood pressure; RR, relative risk; OR, odds ratio.

Well-known transient exposures that increase the risk of VTE include combined oral
contraceptive use, long haul flights, and immobilisation. Compared to non-users, users of
combined oral contraceptives have a 4.2 times higher risk (95% Cl 3.7-4.7) of VTE during
the first year.”® Long haul flights, defined as a flight duration of at least four hours, are
associated with a 3.2-fold (95% Cl 1.8-5.6) increased incidence in VTE within 8 weeks, a
risk that further increases with duration of travel and number of flights.® Evidence sug-
gests that individuals at highest VTE risk — based on factors such as recent trauma or
surgery, previous VTE or varicose veins, active malignancies, hormone therapy, and obe-
sity - could benefit from wearing compression stockings on such flights.” Lastly, recent
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medical immobilisation, regardless of the underlying disease, was found to increase the
risk of VTE by 1.9-fold (95% Cl 1.6-2.1) based on a meta-analysis of studies that applied
time-windows varying from several days to a month.”® For hospitalised patients, surgical
and non-surgical, prophylactic antithrombotic therapy can therefore be indicated based

on individual VTE risk factors or by using the Padua prediction rule.?**°

Potential cardiovascular risk mitigating strategies for patients with
an LRTI

Summarising these traditional risk factors, including the magnitude of their effects and
the currently adopted preventive strategies for some of these factors and subsequently
comparing these to the increased risk of cardiovascular events associated with LRTI, war-
rants, at minimum, increased awareness among clinicians that LRTIs are a non-traditional
and currently undervalued risk factor for acute cardiovascular events. In addition, ac-
knowledging the temporarily increased cardiovascular risk following LRTI diagnosis
may provide patients and GPs with a novel and unique opportunity for early detection
or prevention of acute cardiovascular events. Especially since the period at highest risk
is short (i.e., several weeks following LRTI diagnosis) and interventions may therefore
be only of temporary nature, potentially increasing patient’s adherence and minimising
adverse effects. This may entail strategies aimed at close monitoring of unfolding car-
diovascular symptoms, short-course antiplatelet therapy to prevent Ml or stroke, short-
course anticoagulant treatment to prevent thromboembolic events (DVT or PE), and/or
targeted case finding of nAF, as briefly outlined in Table 2. In addition to these strategies,
effective and low-cost treatments that reduce viral spread in the community and reduce
symptomology, such as saline nasal spray, can prevent patients from progressing from a
‘simple’ upper RTI to LRTI and may therefore also contribute to mitigation of complication
risks, including cardiovascular.’

Given the low absolute (and temporary) risk of cardiovascular events, the question is,
however, what risk threshold justifies an intervention, and what intervention is most
appropriate. This implies that benefits and risks should be carefully weighted and war-
rants tailoring interventions to those LRTI patients at highest cardiovascular risk. Input
on such risk thresholds and acceptability of preventive interventions is needed from both
patients and clinicians. Both perspectives are pivotal to guide potentially effective and
acceptable risk mitigation strategies. In future projects on this topic, researchers should
therefore actively engage with patients and clinicians to co-create, fine-tune and pilot
test appropriate preventive interventions in patients with LRTI.
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Table 2. Potential strategies to mitigate cardiovascular risk in LRTI patients

Aim Strategy

Potential benefits

Potential adverse effects

Risk-based close monitoring
of unfolding cardiovascular
symptoms (‘watchful
waiting’)

Early detection

Targeted case-finding of

nAF among LRTI patients
at highest risk of clinically
relevant nAF

Early detection

Short-course anticoagulant

Prevention treatment among LRTI
patients at highest risk of VTE
Short-course antiplatelet
. treatment among LRTI
Prevention

patients at highest risk of
MACCE

Prompt recognition
and treatment (if
indicated)

Prompt recognition
and treatment of nAF
and mitigation of
complication risk (e.g.,
stroke)

Prevention of VTE

Prevention of MACCE

Increased workload for GP

Providing patients with a
diagnosis of unknown clinical
relevance (i.e., for subclinical

AF) and uncertainties regarding
anticoagulant treatment and the
duration of such treatment

(Major) bleedings, other side-

effects

(Major) bleedings, other side-
effects

LRTI, lower respiratory tract infection; GP, general practitioner; nAF, new-onset atrial fibrillation; VTE,
venous thromboembolism; MACCE, major adverse cardiac and cerebrovascular event.

Such project may be informed by the MRC framework for developing and evaluating
complex interventions, with parallel process evaluation and pilot-testing of interventions
using Plan-Do-Study-Act cycles.*” In addition, while determining the need for these inter-
ventions, societal issues such as limited health care resources and the impact of increasing
use of diagnostic tests and potential overtreatment should be considered. For example,
low-cost strategies aimed at close monitoring of unfolding cardiovascular symptoms will
likely not result in unnecessary treatment whereas preventative antithrombotic treat-
ment could. As such, potential benefits of interventions should be carefully balanced
against risks of adverse effects and societal impact.

BALANCING EARLY DETECTION STRATEGIES AND

OVERDIAGNOSIS: AN ILLUSTRATIVE EXAMPLE

Patients with increased risk of major adverse cardiac and cerebrovascular events or VTE
following LRTI may benefit from interventions aimed at early detection or preventative
treatment. Given the short-term increase in cardiovascular risk, such interventions will
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usually be of temporary nature during the at-risk period only. Risks or disadvantages of
these interventions may include a temporary risk of adverse effects, such as risk of bleed-
ing associated with anticoagulant use, that should not outweigh the potential benefits.
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An early detection strategy aimed at nAF in LRTI patients has, however, more implications
to consider.

AF is a leading cause of ischaemic stroke — increasing its risk up to five-fold — and timely
oral anticoagulant treatment lowers this risk substantially.”>~** Furthermore, AF is known
to increase the risk of heart failure and dementia.***” This implies a need for effective and
early AF detection and, based on my findings in Chapter 8, LRTls could provide a unique
and novel opportunity for such targeted case-finding strategies. Targeted screening for
nAF among LRTI patients will, however, also result in an increasing number of patients
diagnosed with AF for whom the question will be whether anticoagulant treatment is
necessary, and — when considered necessary — whether this should be short-course or
permanent anticoagulant treatment. The underlying question is whether the risk of com-
plications, such as ischaemic stroke, is similarly increased for (subclinical) AF triggered
by LRTIs and how we should define clinically relevant AF in LRTI patients in terms of AF
duration.

Uncertainties regarding infection-related atrial fibrillation

On this topic, a Danish population-based study found that infection-related AF was
associated with AF recurrence - which occurred in over a third of the patients with
infection-related AF — and a 2-fold increased risk of thrombo-embolic events within one
year (absolute risk 7.6%).*® However, evidence on the added value of population-based
screening for AF is contradicting. Although health economic evaluation of nation-wide
AF screening among patients aged =65 years in general practice was considered cost-
effective and other studies on population-based screening or implantable loop recorders
yielded increased AF detection, these strategies showed limited to no benefit on stroke
or systemic embolism occurrence.”*' This implies that not all AF may be clinically rel-
evant to detect. Although subclinical (or device-detected) AF is associated with increased
stroke risk, this is approximately only half the risk compared to clinical AF, which may no
longer outweigh bleeding risk due to anticoagulant treatment.*

Currently, there is no consensus on whether long-term anticoagulant treatment is
indicated in patients with subclinical or infection-related AF, and definitions of relevant
subclinical AF vary in terms of duration. Main and post-hoc analyses of the ASSERT trial
on device-detected AF among 2,580 patients with a pacemaker found that stroke risk
was not increased in patients with subclinical AF lasting less than 24 hours compared
to patients without subclinical AF.** On the contrary, subclinical AF of at least 24 hours
carried an absolute risk of ischaemic stroke of 3.1% per year — similar to that of clinical AF.
Given the uncertainty regarding the definition of clinically relevant infection-related AF
and its appropriate management, the development of targeted case-finding strategies
for AF in patients with LRTI should be carefully weighed against the burden of providing
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patients with a permanent diagnosis of unknown clinical relevance and without a well-
defined treatment strategy.

Diagnosis-expansion

So, should we explore targeted case-finding strategies for nAF in patients presenting to
general practice with LRTI? How confident are we that this would be of any benefit for
individual patients and from a societal perspective? And what risks come with lowering
thresholds for AF diagnoses?

In 2025, the Council for Public Health & Society of the Netherlands published a report
on so-called diagnosis-expansion as an emerging societal issue in healthcare that may
provide guidance on these questions.* Diagnosis-expansion is defined as a phenom-
enon of (1) increasing use of diagnostic tests and screening and (2) lowering thresholds
for diagnoses (‘diagnosis inflation’). Whereas increasing screening and diagnostic testing
may seem positive at first glance, downsides are numerous, both from the patient’s per-
spective as for society as a whole. Abnormal test findings of unknown clinical relevance
may, for example, result in anxiety for future health issues, a worsening of experienced
health (i.e., the ‘nocebo’ effect), or additional follow-up diagnostic testing methods that
carry risks of adverse effects. Moreover, additional testing, re-consultations, and referrals
to secondary care pose an increasing burden on limited healthcare resources, both eco-
nomic and in terms of healthcare professionals. Apart from the individual responsibility
of healthcare professionals to weigh the need, costs, and benefits of diagnostic testing,
the issue of diagnosis-expansion warrants accountability of other parties involved in
healthcare management, politics and the academic community. Especially in times of
continuously increasing national healthcare expenditures - increasing with almost 9%
in 2024* -, an aging population, and a limited number of healthcare professionals, this
obligation should be felt in the consultation room and among clinician-researchers.
Although general practice accounts for only a small proportion of the total health care
costs*®, diagnosis-expansion in general practice will likely result in additional downstream
health care costs.

In their report, the Council for Public Health & Society of the Netherlands recommends
quantifying adverse effects of lowering thresholds for disease. In addition, the Counsel
states that the risk of overdiagnosis and societal effects — such as psychological effects,
the burden on limited healthcare resources and diagnosis inflation —, in particular for pa-
tients without health complaints as may be the case for LRTI patients with subclinical AF,
should be carefully considered before including new management strategies in clinical
guidelines. Following this advice, a targeted case-finding strategy for nAF following LRTI
should be designed in collaboration with patients to balance costs and benefits that align
with their perspective and avoid ‘top down’ development of interventions.
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Considering the beforementioned evidence on the potential of screening strategies for
(subclinical) nAF among LRTI patients in light of these societal issues, targeted case-
finding strategies should, as a start, be tailored to a selected subgroup LRTI patients at
highest risk of clinically relevant AF. Other risk mitigation strategies for cardiovascular
events following LRTI should be similarly tailored to those patients at highest risk. This
may increase overall benefit while mitigating risk of overdiagnosis and the downstream
adverse effects. To safeguard input from a societal perspective, patients and clinicians
should be actively involved to inform reasonable risk thresholds and shape appropriate
interventions that may ultimately improve individual patient outcomes in the consulta-
tion room.

CONCLUSIONS AND FUTURE DIRECTIONS

In this thesis, | aimed to contribute to improving the prognostication of patients present-
ing to general practice with LRTI. The synthesis of available prognostic literature on a com-
plicated disease trajectory in LRTI patients, covering both individual prognostic factors
and prediction models, may inform future clinical guidelines. In addition, the prediction
model based on readily available data from EHR - and validated in recent post-pandemic
data - can easily be integrated in general practice EHR systems to generate point-of-care
predictions. However, whether the use of this model actually improves patient outcomes
and how it could complement current clinical practice should first be studied in a future
project focussed on the various aspects of model implementation.

The unique insights on the absolute population impact of cardiovascular risk attributable
to LRTI provided in this thesis further established LRTIs as a ‘non-traditional’ risk factor for
cardiovascular events. At a minimum, awareness among GPs should be increased that
LRTIs are a non-traditional and currently undervalued risk factor for acute cardiovascular
events. These findings could also provide a unique opportunity for early detection or
prevention of acute cardiovascular events. However, given the low absolute short-term
cardiovascular risk following LRTI, future studies aimed at developing risk mitigation
strategies among LRTI patients should carefully weigh benefits against adverse effects
and societal impact in co-creation with patients, GPs, medical specialists, and other
relevant stakeholders. Before doing so, further refinement of cardiovascular risk across
various patient subgroups should inform which LRTI patients are at highest risk of car-
diovascular events, and in whom cardiovascular risk mitigating strategies may thus yield
most benefit.
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SUMMARY

The rationale behind this thesis

Lower respiratory tract infections (LRTI) are among the most common infections encoun-
tered in general practice with around three percent of adults consulting their general
practitioner (GP) with an LRTI annually. Uncomplicated LRTIs generally run a favourable
course in the absence of risk factors’ for a complicated trajectory. Nevertheless, adverse
outcomes, such as hospitalisation or mortality, do occur — especially in patients with
more severe LRTI such as community-acquired pneumonia (CAP). A prediction model to
aid GPs in identifying LRTI patients at highest risk of adverse outcomes could improve
clinical decision-making but is currently lacking in everyday practice.

Complications from LRTIs reach beyond a complicated disease trajectory in terms of
hospitalisation or mortality. Evidence consistently indicates that LRTIs can trigger acute
cardiovascular events, such as myocardial infarction (MI), stroke, venous thromboembo-
lism (VTE), and atrial fibrillation (AF). Although previous studies found that LRTls increase
the risk of cardiovascular events up to five-fold, none reported estimates of absolute risk.
This leaves the population impact of cardiovascular risk associated with LRTIs unknown.

Throughout this thesis, we focussed on improving the prognostication of patients pre-
senting to general practice with LRTI. While doing so, we considered a broad range of
relevant outcomes, ranging from adverse outcomes such as hospitalisation and mortality
to acute cardiovascular events. In the various chapters of this thesis, we applied state-
of-the-art prognostic and etiologic research methods to electronic health records (EHR)
data. In addition, we evaluated whether data derived from EHR unstructured clinical
notes by natural language processing (NLP) improved prognostication of LRTI patients in
general practice.

Findings of this thesis

Chapter 2 reports the findings of a systematic literature review to identify and synthesise
the available evidence base on relevant existing prognostic factors and prediction models
for all-cause hospitalisation and mortality within 90 days for adults with a GP-diagnosed
LRTI. Increasing age, sex, current smoking, a history of diabetes, stroke, cancer, or heart
failure, previous hospitalisation, influenza vaccination status, current use of systemic
corticosteroids, recent antibiotic use, respiratory rate >25/minute, and a clinical diagnosis
of pneumonia were identified as promising prognostic factors to be considered when
developing or updating a prediction model. Currently available prediction models were
considered not suitable for implementation in everyday clinical practice due to high risk
of bias and incomplete assessment of model performance.
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Chapter 3 describes the rationale for, and design of the development and external
validation of two EHR-based prediction models that predict individual risk of (1) 30-day
all-cause hospitalisation or mortality and (2) 90-day cardiovascular events in patients pre-
senting to the GP with LRTI. For the first model, the prespecified design was followed with
the findings reported in Chapter 5. The observed low event rate of cardiovascular events
following LRTI (as reported in Chapter 8) precluded development of a clinically meaning-
ful model. As an alternative to the intended prediction model development study, an
etiologic study design was used to quantify the excess cardiovascular risk attributable to
LRTI with the findings reported in Chapter 8.

In Chapter 4, recording patterns of signs, symptoms, and vital sign measurements in EHR
clinical notes of patients presenting to the GP with an LRTI are evaluated to inform future
prediction modelling studies. For these potentially relevant predictors, a substantial
amount of nonrecorded values were noted, and when recorded, this was likely selective
with abnormal findings more likely to be recorded. This underlines the challenges of
using unstructured EHR data in prediction research and implies that, prior to including
signs, symptoms, and vital sign measurements from clinical notes, recording patterns
of such unstructured data should be carefully assessed to tailor missing data handling
techniques.

Chapter 5 reports the stepwise development and external validation of a model predict-
ing individual risk of 30-day all-cause hospitalisation or mortality in adults aged >40 years
presenting to the GP with an LRTI. Predictors of the ‘final’ model, based on structured EHR
data, include demographics (age and sex), cardiometabolic diseases (history of diabetes,
heart failure, ischaemic heart disease, stroke, transient ischaemic attack (TIA) pulmonary
embolism (PE), deep venous thrombosis (DVT), atrial fibrillation (AF), and peripheral
artery disease), other medical history (history of pneumonia, non-dermatological ma-
lignancies, chronic obstructive pulmonary disease, asthma, dementia, hospitalisation in
previous year, and influenza vaccination in previous year year), current medication use
(antibiotic prescription in previous month, immunosuppressants, inhalation medication,
and antidepressants), and a clinical diagnosis of pneumonia. The model was developed
in a pre-COVID-19 pandemic cohort (2016-2019, outcome rate: 7.8%) from the region of
Utrecht, the Netherlands, and was externally validated in a post-COVID-19 pandemic co-
hort (2022-2023, outcome rate: 11.4%) from the region of Amsterdam, the Netherlands.
External validation yielded a c-statistic of 0.71 (95% confidence interval (Cl) 0.69 - 0.73),
a calibration intercept of 0.28 (95% Cl 0.20 - 0.36), and a calibration slope of 0.95 (95% Cl
0.85 - 1.05), with predicted risks ranging from 1.5% to 51.3% (median 6.9%). In addition,
the incremental predictive value of cardiometabolic diseases beyond age and sex was
found to be low (Dc-statistic +0.02). The ‘final’ structured EHR data-based model holds
promise to aid GPs in identifying LRTI patients at highest risk of 30-day hospitalisation or
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mortality. However, before adoption in everyday general practice, future research should
assess the model’s impact on individual patient outcomes.

Chapter 6 reports the fine-tuning and evaluation of the performance of two Dutch large
language models (LLM) (MedRoBERTa.nl and RobBERT) for extraction of candidate pre-
dictor information on signs and symptoms — identified as promising in Chapter 2 - from
EHR clinical notes of patients presenting to the GP with LRTI. These models demonstrated
good performance when implemented as direct classifier - labelling signs and symptoms
as either present, absent, or not reported — with an average F1-score of 0.74 (range 0.56 -
0.87) and 0.69 (range 0.46 - 0.86) using 1,600 manually annotated training samples,
respectively. Model performance varied substantially across signs and symptoms, with
performance decreasing with increasing missingness and class-imbalance. Nevertheless,
these findings support the feasibility of using LLMs for automated extraction of signs and
symptoms captured in Dutch EHR clinical notes.

In Chapter 7, the incremental predictive value of signs and symptoms beyond structured
EHR data is evaluated by adding these as candidate predictors to the models presented
in Chapter 5. These signs and symptoms were derived from unstructured EHR clinical
notes by NLP using the LLM (MedRoBERTa.nl) that was fine-tuned as reported in Chapter
6. Although signs and symptoms derived from unstructured EHR clinical notes improved
model performance beyond age and sex, their incremental value beyond structured
EHR-based predictors for prediction of 30-day all-cause hospitalisation or mortality was
limited (Dc-statistic +0.02, without substantial improvement of model calibration). In
addition, decision curve analysis revealed limited net benefit of adding the NLP-derived
predictors when compared to the model including structured EHR data only. This implies
that signs and symptoms derived from unstructured EHR clinical notes do not add sub-
stantial predictive information in LRTI patients, provided that GPs adequately incorporate
all relevant structured information available from patients’ EHR.

Chapter 8 focusses on the temporary increased risk of acute cardiovascular events fol-
lowing an LRTI. In a population-based nested self-controlled case-series, the absolute ex-
cess cardiovascular risk associated with LRTI in adults presenting to the GP with LRTI was
estimated for a broad range of cardiovascular events to quantify the population impact
of LRTIs on cardiovascular events. The risk of major adverse cardiac and cerebrovascular
events (a composite of MI, stroke, and TIA), venous thromboembolism (VTE, including PE
and DVT) and new-onset AF (nAF) was particularly increased during the first week fol-
lowing LRTI diagnosis. Incidence rate ratios of these cardiovascular events within 90 days
following LRTI diagnosis were 1.3 (95% Cl 1.0 - 1.8), 6.8 (95% Cl 4.4 - 10.4), and 2.9 (95%
Cl 2.3 - 3.7) per 1,000 LRTI patients, respectively. This culminates in approximately five to
nine excess cardiovascular events attributable to LRTI per 1,000 LRTI patients. Incidence
of major adverse cardiac and cerebrovascular events and nAF within 90 days following
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LRTI diagnosis increased with age and was particularly high in patients with a history of
heart failure, diabetes or hypertension, whereas incidence of VTE was most pronounced
among younger patients. Given the large number of LRTI patients during seasonal out-
breaks, this implies a need for targeted preventative interventions and patient-focussed
campaigns to increase seasonal vaccine uptake and awareness of LRTI as trigger for
cardiovascular events.

Discussion of this thesis

In the general discussion of this thesis (Chapter 9), | reflect upon the thesis’ implications
in the context of the GP’s consultation room. | discuss how the ‘final’ model reported
in Chapter 5 based on structured EHR data may be used to guide close monitoring
strategies in LRTI patients in general practice while reflecting upon common chal-
lenges and pitfalls of implementing prediction models in clinical practice. | argue that
well-developed prediction models do not necessarily lead to successful implementation.
Therefore, apart from assessment of the model’s impact on individual patient outcomes,
GPs and other relevant stakeholders should inform clinically relevant risk thresholds and
downstream intervention strategies to ensure successful adoption. Subsequently, | focus
on the increased cardiovascular risk attributable to LRTIs and place these risk estimates
in the context of traditional cardiovascular risk factors. This illustrates that the risks re-
ported in Chapter 8 warrant, at a minimum, increased awareness among clinicians that
LRTIs are an undervalued risk factor for acute cardiovascular events. In addition, | propose
potential risk mitigating strategies aimed at early detection and prevention of cardio-
vascular events, including close monitoring strategies and short-course preventative
treatment regimens. | emphasize that input from both patients and GPs on appropriate
risk thresholds and acceptability and usability of potentially effective interventions are
pivotal for the development and refinement of future risk mitigation strategies. Finally,
using an illustrative example of a targeted case-finding strategy for nAF in LRTI patients,
| discuss the clinical uncertainties and potential individual and societal adverse effects
that should be explored and weighed against potential benefits while developing new
cardiovascular risk mitigating interventions for LRTI patients in general practice. | argue
that, especially in the case of nAF, targeted case-finding strategies should be tailored to a
subgroup of LRTI patients at highest risk of clinically relevant AF to reduce overdiagnosis
and (subsequent) overtreatment. In general, when developing interventions to mitigate
cardiovascular risk in patients with LRTI, | highlight the importance of carefully balanc-
ing benefits with potential risks and adverse effects to adhere to the “first do no harm”
principle, both from the individual patient’s perspective and for society as a whole.
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SAMENVATTING

De aanleiding voor dit proefschrift

Naar schatting bezoekt drie procent van de volwassenen jaarlijks de huisarts met
klachten van een acute lage luchtweginfectie. Ongecompliceerde lage luchtweginfecties
hebben over het algemeen een gunstig beloop, zeker bij afwezigheid van zogenoemde
‘risicofactoren’ voor een ernstig beloop. Complicaties, zoals ziekenhuisopname of zelfs
overlijden, komen echter wel degelijk voor, met name bij patiénten met ernstigere
lage luchtweginfecties zoals een longontsteking. Een voorspelmodel dat patiénten kan
herkennen die, in het geval van een lage luchtweginfectie, een verhoogd risico hebben
op zulke complicaties kan huisartsen ondersteunen bij hun klinische besluitvorming. Een
dergelijk model is momenteel echter niet beschikbaar.

Complicaties ten gevolge van acute lage luchtweginfecties zijn breder dan enkel zieken-
huisopname of overlijden. Er is toenemend wetenschappelijk bewijs dat lage luchtwegin-
fecties acute hart- en vaatziekten zoals een hartaanval, beroerte, trombose en boezemfi-
brilleren kunnen uitlokken. Hoewel uit eerder onderzoek blijkt dat het risico op dergelijke
acute hart- en vaatziekten tijdens of kort na een lage luchtweginfectie tot vijfmaal hoger
is, zijn er tot op heden geen absolute kansen op deze complicaties beschreven. Daarmee
blijft de exacte omvang van het aantal acute hart- en vaatziekten gerelateerd aan lage
luchtweginfecties in de populatie, en daarmee de extra ziektelast, onbekend.

De focus van dit proefschrift ligt op het verbeteren van de inschatting van het ziektebe-
loop - ofwel de prognose - van volwassenen die hun huisarts bezoeken met klachten
van een acute lage luchtweginfectie. We richtten ons hierbij op een breed scala aan
relevante uitkomsten, variérend van complicaties zoals ziekenhuisopname en overlijden
tot acute hart- en vaatziekten. In de verschillende hoofdstukken van dit proefschrift werd
gebruik gemaakt van onderzoeksgegevens verzameld uit elektronisch patiéntendossiers
én moderne onderzoeksmethoden op het gebied van zowel prognostisch als etiologisch
(oorzaak-gevolg) onderzoek. Daarnaast werd met behulp van technieken op het gebied
van ‘natuurlijke taalverwerking;, onderzocht of ongestructureerde informatie zoals door
de huisarts in het elektronische patiéntendossiers genoteerd, bijdraagt aan het beter
voorspellen van de prognose van patiénten met een lage luchtweginfectie.

Bevindingen op basis van dit proefschrift

In Hoofdstuk 2 worden de bevindingen van een systematisch literatuuronderzoek naar
bestaande prognostische factoren en voorspelmodellen voor ziekenhuisopname en
overlijden binnen 90 dagen na diagnose van een lage luchtweginfectie bij volwassenen
in de huisartspraktijk beschreven. De volgende prognostische factoren bleken relevant:
hogere leeftijd, geslacht, roken, een voorgeschiedenis met suikerziekte, beroerte, kanker
of hartfalen, recente ziekenhuisopname, griepvaccinatiestatus, gebruik van systemische
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glucocorticosteroiden, recent antibioticagebruik, een ademhalingsfrequentie van >25
per minuut en een klinische diagnose van een longontsteking. Deze factoren kunnen
overwogen worden bij het ontwikkelen van een nieuw voorspelmodel of het verbeteren
van een bestaand voorspelmodel. Bestaande voorspelmodellen zijn in hun huidige vorm
niet geschikt voor gebruik in de dagelijkse huisartspraktijk vanwege de beperkte onder-
zoekskwaliteit en onvolledige beoordeling van modelprestatie.

Hoofdstuk 3 beschrijft de rationale voor en onderzoeksopzet van de ontwikkeling en ex-
terne validatie van twee voorspelmodellen op basis van gegevens verzameld uit het elek-
tronisch patiéntendossier. Deze modellen richten zich op het voorspellen het individuele
risico op (1) ziekenhuisopname of overlijden, ongeacht oorzaak, binnen 30 dagen en (2)
acute hart- en vaatziekten binnen 90 dagen na diagnose van een lage luchtweginfectie
in de huisartspraktijk. Voor het eerste model is deze vooraf uitgewerkte onderzoeksopzet
ook gevolgd. De bevindingen hiervan worden beschreven in Hoofdstuk 5. Het lage
percentage patiénten met een acute hart- en vaatziekte binnen 90 dagen na een lage
luchtweginfectie belemmerde echter de ontwikkeling van een tweede klinisch relevant
voorspelmodel. In plaats van het ontwikkelen van een tweede voorspelmodel, werd een
etiologisch onderzoek uitgevoerd waarin het extra aantal acute hart- en vaatziekten ten
gevolge van lage luchtweginfecties binnen onze onderzoekspopulatie werd geschat. De
resultaten hiervan worden beschreven in Hoofdstuk 8.

In Hoofstuk 4 wordt de volledigheid van rapportage van klachten, bevindingen van het
lichamelijk onderzoek en metingen zoals genoteerd door huisartsen in het elektronisch
patiéntendossier van volwassenen met een lage luchtweginfectie onderzocht, om zo
inzicht te krijgen in de bruikbaarheid van deze gegevens bij het ontwikkelen van een
voorspelmodel. In een aanzienlijk deel van de patiénten bleken deze potentieel relevante
voorspellers niet gerapporteerd te worden. Daarnaast is de rapportage van deze ge-
gevens waarschijnlijk selectief: abnormale waarden worden relatief vaak gerapporteerd.
Dit onderschrijft de uitdagingen die gepaard gaan met het gebruik van gegevens over
klachten, lichamelijk onderzoek en metingen zoals genoteerd door huisartsen in het ele-
ktronisch patiéntendossier bij het ontwikkelen van een voorspelmodel. Het is raadzaam
om, voorafgaand aan het gebruik van dergelijke gegevens, de rapportage ervan goed
te onderzoeken en technieken om met ontbrekende gegevens om te gaan hierop af te
stemmen.

Hoofdstuk 5 beschrijft de stapsgewijze ontwikkeling en externe validatie van een
voorspelmodel om het individuele risico op ziekenhuisopname of overlijden, ongeacht de
onderliggende oorzaak, binnen 30 dagen na diagnose van een lage luchtweginfectie bij
volwassenen =40 jaar in de huisartspraktijk te voorspellen. Voorspellers in dit model zijn
gebaseerd op gecodeerde gegevens uit het elektronisch patiéntendossier en bestaan uit
demografische gegevens (leeftijd en geslacht), cardiometabole ziekten (voorgeschiedenis
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van suikerziekte, hartfalen, hartaanval, beroerte, TIA, longembolie, trombosebeen,
boezemfibrilleren of perifeer vaatlijden), overige medische voorgeschiedenis (eerdere
longontsteking, kanker die niet is ontstaan in de huid, chronische obstructieve
longziekte, astma, dementie, recente ziekenhuisopname en griepvaccinatiestatus),
medicatiegebruik (recent antibioticagebruik, afweeronderdrukkende medicatie,
inhalatiemedicatie en antidepressiva) en een klinische diagnose van een longontsteking
(versus bronchitis) door de huisarts. Het voorspelmodel werd ontwikkeld bij patiénten
die zich met een lage luchtweginfectie presenteerden bij de huisarts uit de regio
Utrecht vé6r de COVID-19 pandemie (2016 — 2019, uitkomstpercentage: 7,8%) en werd
vervolgens extern gevalideerd onder vergelijkbare patiénten uit de regio Amsterdam
na de COVID-19 pandemie (2022 - 2023, uitkomstpercentage: 11,4%). Deze externe
validatie resulteerde in een onderscheidend vermogen, ofwel c-statistiek, van 0,71
(95% betrouwbaarheidsinterval (Bl) 0,69 - 0,73) met overwegend goed gekalibreerde
en dus nauwkeurige voorspellingen (intercept’ 0.28 (95% Cl 0,20 — 0,36) en ‘slope’ 0,95
(95% BI 0,85 - 1,05)). De door het model voorspelde kansen liggen tussen 1,5% en 51,3%
(mediaan 6,9%). De toegevoegde voorspellende waarde van cardiometabole ziekte naast
leeftijd en geslacht bleek laag (Dc-statistiek +0,02). Het ontwikkelde voorspelmodel,
gebaseerd op gecodeerde gegevens uit het elektronisch patiéntendossier, lijkt
veelbelovend ter ondersteuning van huisartsen bij het inschatten van de prognose van
patiénten met een lage luchtweginfectie. Voordat het model gebruikt kan worden in
de dagelijkse huisartspraktijk zal verder onderzoek moeten uitwijzen of — en hoe — het
model uitkomsten van patiénten ook daadwerkelijk verbetert.

In Hoofdstuk 6 wordt beschreven hoe twee Nederlandse taalmodellen (MedRoBERTa.nl
en RobBERT) zijn aangepast en vervolgens getest om informatie over klachten en bevin-
dingen van het lichamelijk onderzoek - geidentificeerd als potentieel belangrijke voor-
spellers in Hoofdstuk 2 — met behulp van natuurlijke taalverwerking automatisch uit het
elektronisch patiéntendossier van patiénten met een lage luchtweginfectie in de huis-
artspraktijk te verkrijgen. De modellen presteerden goed wanneer ze gebruikt werden
voor directe classificatie — waarbij klachten en bevindingen werden aangemerkt als
aanwezig, afwezig of niet gerapporteerd — met een respectievelijke gemiddelde F1-score
van 0,74 (reikwijdte 0,56 — 0,87) en 0,69 (reikwijdte 0,46 - 0,86). Als trainingsmateriaal
werden 1600 handmatig gescoorde consulten gebruikt. Modelprestatie bleek te variéren
tussen de verschillende klachten en bevindingen en was afhankelijk van de mate waarin
deze gerapporteerd werden en de verdeling over de verschillende classificatiegroepen.
Desondanks laten deze resultaten zien dat taalmodellen bruikbaar zijn om automatisch
informatie over klachten en bevindingen van het lichamelijk onderzoek uit Nederlandse
elektronische patiéntdossiers te verkrijgen.

In Hoofdstuk 7 wordt onderzocht in hoeverre door de huisarts genoteerde klachten en
bevindingen van het lichamelijk onderzoek toegevoegde voorspellende waarde hebben
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bovenop gecodeerde gegevens uit het elektronisch patiéntendossier door deze toe te
voegen aan het voorspelmodel zoals beschreven in Hoofdstuk 5. De door de huisarts
genoteerde klachten en bevindingen werden met behulp van natuurlijke taalverwerking
door één van de taalmodellen uit Hoofstuk 6 (MedRoBERTa.nl) automatisch uit het ele-
ktronisch patiéntendossier verkregen. Hoewel deze klachten en bevindingen, wanneer
toegevoegd aan een basismodel met enkel leeftijd en geslacht, voorspellende waarde
lieten zien, bleken deze, wanneer toegevoegd aan het model met gecodeerde gegevens
uit het elektronisch pati€ntendossier, niet te leiden tot betere voorspellingen van zieken-
huisopname of overlijden binnen 30 dagen na diagnose van een lage luchtweginfectie in
de huisartspraktijk (Dc-statistiek +0,02 met vergelijkbaar nauwkeurige voorspellingen).
De winst in termen van terecht en onterecht geidentificeerde hoog-risicopatiénten door
het toevoegen van klachten en bevindingen bleek daarnaast, op basis van analyse van de
besliscurve, beperkt ten opzichte van het model met enkel gecodeerde gegevens. Deze
resultaten suggereren dat het meewegen van door de huisarts genoteerde klachten en
bevindingen van het lichamelijk onderzoek, die door middel van natuurlijke taalverwerk-
ing automatisch werden verkregen uit het elektronisch patiéntendossier, niet leidt tot
betere voorspellingen bij patiénten met een lage luchtweginfectie, onder de voorwaarde
dat huisartsen alle relevante gecodeerde gegevens uit het elektronisch patiéntendossier
goed in weten te zetten.

Hoofstuk 8 richt zich op het verhoogde risico op acute hart- en vaatziekten tijdens en
kort na diagnose van een lage luchtweginfectie. Met een zogenoemde ‘self-controlled
case-series’ analyse onder volwassenen in de huisartspraktijk werd het extra aantal acute
hart- en vaatziekten gerelateerd aan lage luchtweginfecties geschat, om zo de hieruit
voortvloeiende extra ziektelast in de populatie in kaart te brengen. Een breed scala aan
acute hart- en vaatziekten werd meegenomen in de analysen: ernstige cardiovasculaire
en cerebrovasculaire aandoeningen (hartaanval, beroerte en TIA), veneuze trombose
(longembolie en trombosebeen) en nieuw ontstaan boezemfibrilleren. Het risico op
deze acute hart- en vaatziekten bleek met name verhoogd gedurende de eerste week
na diagnose van een lage luchtweginfectie. Het aantal nieuwe acute hart- en vaatziekten
binnen 90 dagen per 1000 volwassenen met een lage luchtweginfectie bleek 1.3 (95% BI
1.0 — 1.8) voor ernstige cardiovasculaire en cerebrovasculaire aandoeningen, 6.8 (95% BI
4.4 - 10.4) voor veneuze trombose en 2.9 (95% Bl 2.3 — 3.7) voor nieuw ontstaan boezem-
fibrilleren. Dit resulteert in, naar schatting, vijf tot negen extra acute hart- en vaatziekten
per 1000 patiénten met een lage luchtweginfectie die toe te schrijven zijn aan de lage
luchtweginfectie. Het risico op ernstige cardiovasculaire en cerebrovasculaire aandoenin-
gen en nieuw ontstaan boezemfibrilleren steeg met de leeftijd en was met name hoog bij
patiénten met een voorgeschiedenis van hartfalen, suikerziekte of een hoge bloeddruk.
Het risico op veneuze trombose was daarentegen groter onder jongere patiénten. Omdat
lage luchtweginfecties, zeker in de winterperiode, vaak voorkomen, onderschrijven onze
resultaten het belang van het ontwikkelen van gerichte preventieve (be)handelingen en
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publiekelijke voorlichtingscampagnes om vaccinatiegraad van vaccinaties tegen belan-
grijke verwekkers van luchtweginfecties te bevorderen. Daarnaast geven onze bevindin-
gen aanleiding tot extra bewustzijn onder huisartsen van het verhoogde risico op acute
hart- en vaatziekten tijdens en kort na een lage luchtweginfectie.

Discussie en implicaties van dit proefschrift

In de algemene discussie (Hoofdstuk 9) schets ik de implicaties van dit proefschrift voor
de zorg in de huisartspraktijk. Zo bespreek ik hoe het voorspelmodel uit Hoofdstuk 5,
gebaseerd op gecodeerde gegevens uit het elektronisch patiéntendossier, gebruikt kan
worden om patiénten met een lage luchtweginfectie en een verhoogd risico op ziek-
enhuisopname of overlijden te herkennen en vervolgens nauwkeuriger te monitoren.
Daarnaast bespreek ik veelvoorkomende uitdagingen en valkuilen bij het implementeren
van voorspelmodellen in de dagelijkse praktijk aan de hand van voorbeelden uit de
literatuur, en concludeer hierbij dat goed ontwikkelde voorspelmodellen geen garantie
bieden voor succesvolle implementatie. Om de kans hierop te vergroten is het daarom
belangrijk om, naast te evalueren of — en hoe — gebruik van het door ons ontwikkelde
voorspelmodel leidt tot verbetering van patiéntuitkomsten, samen met huisartsen en
patiénten na te denken over relevante risicocategorieén en bijbehorende (behandel)
adviezen. Vervolgens richt ik me op het verhoogde risico op verschillende acute hart- en
vaatziekten tijdens en kort na een lage luchtweginfectie en vergelijk deze met tradi-
tionele risicofactoren voor hart- en vaatziekten. Hieruit concludeer ik dat de risico’s zoals
beschreven in Hoofdstuk 8 op zijn minst aanleiding geven tot extra bewustzijn onder
huisartsen en andere zorgverleners van het — momenteel nog onderbelichte - ver-
hoogde risico op acute hart- en vaatziekten tijdens en kort na een lage luchtweginfectie.
Daarbij bespreek ik mogelijke strategieén gericht op het tijdig herkennen of voorkémen
van acute hart- en vaatziekten bij patiénten met een lage luchtweginfectie, waaronder
intensieve monitoring en kortdurende preventieve behandeling met bijvoorbeeld bloe-
dverdunners. Wederom benadruk ik hierbij dat het belangrijk is om tijdens het uitwerken
van deze strategieén actief met huisartsen en patiénten samen te werken. Dit vergroot de
kansen op haalbare en praktisch goed toepasbare behandelstrategieén die aansluiten bij
het perspectief en de behoeften van zowel huisarts als patiént, te meer omdat de voor-
en nadelen van nieuwe behandelingen zoals bloedverdunning goed afgewogen moeten
worden. Tenslotte bespreek ik, aan de hand van een te ontwikkelen gerichte screenings-
methode om nieuw ontstaan boezemfibrilleren na een lage luchtweginfectie te herken-
nen, de klinische vraagstukken en mogelijke persoonlijke en maatschappelijke nadelige
effecten van zulke strategieén. Deze dienen, samen met de mogelijke winst die deze
strategieén kunnen opleveren, zorgvuldig afgewogen te worden. Ik benadruk hierbij, ze-
ker in het geval van screening op nieuw ontstaan boezemfibrilleren, dat deze strategieén
zich moeten richten op patiénten met een lage luchtweginfectie die het hoogste risico
op klinisch relevant boezemfibrilleren hebben om zo de kansen op ongewenste over-
diagnose en overbehandeling te minimaliseren, zeker in de context van het fenomeen
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‘diagnose-expansie’ zoals beschreven in een rapport van de Raad voor Volksgezondheid
en Samenleving in 2025. Samengevat dienen voor- en nadelen van nieuwe behandel-
strategieén, gericht op het tijdig herkennen of voorkémen van acute hart- en vaatziekten
tijdens of kort na een lage luchtweginfectie, zorgvuldig afgewogen te worden om ons, als
medici en onderzoekers, zo aan het principe ‘ten eerste, niet schaden’ te houden, zowel
vanuit individueel patiéntperspectief als voor de maatschappij als geheel.
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DANKWOORD

De afgelopen jaren heb ik veel geleerd over predictie, over het zo goed mogelijk proberen
te voorspellen van‘de toekomst’ Als ik terugblik op mijn promotietraject ligt het belangri-
jkste inzicht op het gebied van predictie voor mij echter buiten het onderzoeksveld. De
belangrijkste voorspeller voor, bijvoorbeeld, een succesvol promotietraject, een opleiding
tot huisarts en zoveel andere ‘prestaties’ is volgens mij de plek waar je wieg staat. Ik ben
er zeker van dat er kinderen opgroeien in gebieden waar het woord predictiemodel geen
betekenis heeft die in potentie betere wetenschappers en huisartsen zouden zijn dan ik
ooit zou kunnen zijn, en ben me ervan bewust hoe ongelijk die kansen worden verdeeld.
Mij past daarom bescheidenheid. Temeer omdat ik naast deze bepalende uitgangspositie
vervolgens op weg geholpen ben door de tweede belangrijke voorspeller: een warme en
stabiele basis, hechte familie, hele fijne vrienden, een promotieteam waar ik altijd op kon
bouwen en de grootste levensgenieter en positieveling aan mijn zijde.

Zo hebben velen, ieder op zijn of haar eigen manier, aan dit proefschrift bijgedragen en
ervoor gezorgd dat de afgelopen jaren, waarin de dit proefschrift tot stand is gekomen,
als één groot feest hebben gevoeld. Daar wil ik jullie allemaal voor bedanken.

Allereerst wil ik uiteraard mijn promotieteam, prof. dr. Roderick Venekamp, prof. dr. Frans
Rutten en dr. Tamara Platteel, bedanken voor hun steun en vertrouwen in mij als persoon
en onderzoeker.

Beste Roderick, in 2019 deed ik onder jouw vleugels mijn wetenschappelijke stage in het
laatste jaar van mijn Geneeskunde opleiding. Ik heb vanaf het begin jouw vertrouwen
gevoeld om mijn weg in de academische wereld te vinden. Ik bewonder je vermogen om
snelle analyses te maken en oplossingen te bedenken. Je ziet overal mogelijkheden, durft
groot te denken en weet daarbij altijd anderen enthousiast te maken voor je projecten.
Geen verrassing dus dat je inmiddels benoemd bent tot hoogleraar. Je gaf me daarnaast
ook altijd een gevoel van gelijkwaardigheid tijdens inhoudelijke discussies. Dank voor je
vertrouwen en steun in mijn ontwikkeling als onderzoeker.

Beste Frans, als enige promotor gedurende mijn onderzoekstijd gaf je de ruimte aan an-
deren om de lijnen uit te zetten, maar was je er altijd op de momenten dat het nodig was.
Ik waardeer je betrokkenheid, eerlijke mening en je gave om buiten de gebaande paden
te denken. Ik heb warme herinneringen aan onze gesprekken over reizen en bergvakan-
ties in de gangen (of halverwege de trap) van het Julius Centrum. Ook waardeer ik je
nimmer aflatende pogingen om het onderwerp hartfalen in de marges van mijn papers
te schrijven tijdens revisierondes. En terecht, gezien de complexiteit van het ziektebeeld.
Omdat je mijn dankwoord niet kon reviseren doe ik het nu dus voor je.
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Beste Tamara, wat was het fijn om met jou samen te werken. Ik waardeer je vriendelijke
directheid, je humor en je enthousiasme. Je frisse blik gaf steeds weer inzichten in hoe
mijn projecten te vertalen naar de praktijk van de huisarts, en ik wist altijd precies wat
ik aan je had. Daarnaast had je ook aandacht voor de dingen die mij buiten het werk
bezighielden. Zo konden we overlegmomenten moeiteloos volpraten als er inhoudelijk
weinig te bespreken was.

Ook wil ik jullie, Roderick, Frans en Tamara, nogmaals bedanken voor de vrijheid die jullie
mij gegeven hebben om in de zomer van 2023 samen met Maité onze droom na te jagen
en in twee maanden de Pyreneeén te doorkruisen op de Haute Randonnée Pyrénéenne.
Een ervaring voor het leven.

De leden van de beoordelingscommissie, prof. dr. J. Bont, prof. dr. R.A.M.J. Damoiseaux,
prof. dr. M.H. Emmelot-Vonk, prof. dr. H.M. den Ruijter en prof. dr. E.W. Steyerberg, wil ik
bedanken voor het lezen en beoordelen van mijn proefschrift. Ook wil ik prof. dr. N.D.
Scherpbier en dr. M.E.W. Hemels bedanken voor hun deelname aan de oppositie tijdens
mijn verdediging.

Naast mijn promotieteam hebben verschillende collega’s een belangrijke rol gespeeld
bij de verschillende projecten beschreven in dit proefschrift. Jullie hebben er samen met
mijn promotieteam voor gezorgd dat ik ontzettend trots ben op de brede inhoud en
kwaliteit ervan.

Beste prof. dr. Geersing, beste Geert-Jan, ondanks dat je formeel geen onderdeel was
van mijn promotieteam ben je vanaf het begin altijd actief betrokken geweest. Met je
snelle analyses kon je geregeld mijn projecten aanscherpen met het oog op de praktijk,
en je daagde mij tijdens onze maandelijkse teamoverleggen uit om mijn projecten alvast
te‘verdedigen’ Dank voor je betrokkenheid, positiviteit en stimulerende woorden.

Beste dr. van Smeden, Beste Maarten, dank voor je geduld om mij, niet gehinderd door
enige kennis van predictieonderzoek, vanaf de start van dit traject bij te brengen hoe je
goed predictieonderzoek doet en wat je vooral niét moet doen. Dit alles altijd met een
stellige mening, duidelijke argumenten en veel humor. Een betere ‘predictie opvoeding’
kun je niet krijgen. Ik ben trots op wat we aan resultaten op het gebied van predictie in

dit proefschrift hebben neergezet. Dit was nooit mogelijk geweest zonder jou.

Beste dr. Leeuwenberg, beste Tuur, ik had nooit gedacht dat ik tijdens dit promotietraject
in de wereld van de taalmodellen zou belanden. Gelukkig hebben we ruimte genomen
om nieuwe (ongeplande) wegen in te slaan, waaronder het verkennen van de waarde
van notities in het elektronisch patiéntendossier voor predictieonderzoek. Onze
samenwerking is hét bewijs dat het Julius Centrum een plek is waar klinisch en

261

(7]
Q
]
]
=]
=
v
&
<




Appendices

methodologisch onderzoek elkaar direct kunnen versterken. Dank voor je betrokkenheid
en enthousiasme, en ook veel dank aan Isa voor de fijne samenwerking.

Beste prof. dr. Bruijning-Verhagen, beste Patricia, toen we in Hoofdstuk 8 van dit proef-
schrift een voor mij geheel nieuwe onderzoeksopzet bedachten was jij enthousiast om
ons hierbij van het nodige advies voorzien. Je legt de lat terecht hoog en mede dankzij
jouw betrokkenheid ben ik ontzettend trots op de studie die we hebben neergezet.

Je kunt nog zo'n sterk team aan onderzoekers hebben, maar zonder data is er geen
onderzoek. Allereerst wil ik daarom de deelnemende patiénten, huisartspraktijken en
collega’s van het Julius Huisartsen Netwerk (JHN) uit de regio Utrecht bedanken voor
hun bijdrage aan het verzamelen van de benodigde gegevens voor mijn onderzoeken.
Zonder jullie zou onderzoek op deze schaal niet mogelijk zijn, en jullie dragen hiermee
bij aan onderzoek dat zich richt op directe verbetering van de zorg in de huisartspraktijk.
Mijn speciale dank gaat uit naar de onvermoeibare Marloes van Beurden, datamanager
bij JHN, voor haar harde werk om de benodigde gegevens voor mijn onderzoeken uit de
JHN-database te verkrijgen. Ook wil ik de collega’s, deelnemende praktijken en patiénten
van het Academisch Netwerk Huisartsgeneeskunde Amsterdam UMC (ANHA)
bedanken voor hun bijdrage.

Beste prof. dr. Schoonhoven en dr. Elias, beste Lisette en Sjoerd, jullie waren als onafhan-
kelijk mentoren betrokken gedurende mijn gehele promotietraject. Hoewel de jaarlijkse
voortgangsbesprekingen vooral een fijn bijpraat moment waren, voelde ik het vertrou-
wen dat ik ook bij jullie terecht kon als ik ergens tegenaan zou lopen. Dank voor jullie
betrokkenheid.

Van alle collega’s heb ik de afgelopen jaren de meeste uren doorgebracht met een fan-
tastische groep collega promovendi bij de Huisartsgeneeskunde. Hiske, Joline, Anique,
Mathé, Florien, Carlijn, Saskia, Anne, Lisa, Sophie, Fenja, Thomas, Eva, Josi, Lucien, Rianne,
Hannah, Lion, Veerle, Gerdine, Pauline, Esmée, Michelle en Karin. Dankzij jullie was mijn
promotietijd één groot feest. Ik ben trots op de mooie club HAG-promovendi die wij door
de jaren heen gevormd hebben. Een‘writing & kiting retreat’ (waar niet is gekite en eerlijk
gezegd ook nauwelijks iets geschreven, toch Joline en Anique?), lange tennis en squash
pauzes bij Olympos, congres in wijnstad Wiirzburg, borrels in Santorini en buiten werk-
tijd, kantoorhumor en een daadwerkelijke schrijfretraite in een hutje op de hei. Dat ga
ik allemaal missen. Ik hoop jullie, als collega huisarts of onderzoeker, of gewoon buiten
werk om, nog veel tegen te komen.

Ook mijn collega’s binnen de HAG infectieziekten onderzoeksgroep en alle andere col-

lega’s binnen de afdeling Huisartsgeneeskunde & Verplegingswetenschappen wil ik
bedanken voor de fijne samenwerking.
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Freek, Geertje, Aisha en andere collega’s van Medisch Centrum de Fonteijn in
Culemborg: bedankt voor een fantastisch eerste opleidingsjaar in jullie praktijk. Een
bevestiging dat het huisartsenvak in al zijn veelzijdigheid bij me past. In het bijzonder
wil ik jou, Freek, bedanken voor je vertrouwen, enthousiasme en vele taxi-ritjes naar de
praktijk en de HAP in Tiel. Je bent een fantastische opleider.

De afgelopen jaren heb ik zoveel meer meegemaakt dan het schrijven van dit
proefschrift, en er zijn velen die ik wil bedanken voor de manier waarop zij kleur aan mijn
leven geven. Een hoop van jullie zullen misschien nauwelijks kunnen vertellen waar mijn
promotietraject over ging - en dat is misschien maar goed ook, want er is zoveel meer in
dit leven.

Thomas, Jaap en Jumaa, maatjes uit Breda al voelen we ons misschien het meest thuis
op Sicilié: altijd een feestje om elkaar weer te zien. Ceder en Tijn, wie had gedacht dat
die broekies in het Diakonessenhuis alle drie zouden promoveren? Het is genieten om
met jullie, Jels en Jasper te zijn; dat voelt altijd als een thuiswedstrijd. Daan en Julian,
als clubgenootjes aan het studentenleven begonnen en samen inmiddels volwassen.
Met jullie kan ik altijd lachen. De mannen van de ‘Bergkriebels, Kas, Mark en Rick, de
afgelopen jaren heb ik met jullie en Maité waarschijnlijk de meeste grenzen verlegd. Van
beginnende alpinisten tot onze eerste 4000'er. Er ligt nog een hoop avontuur op ons te
wachten. Dear Matteo — my Sicilian brother — and wonderful family, | am beyond grateful
that our friendship has survived the years and distance, and to know that | have a home
in Sicily. Ook de vrouwen (en mannen) van de KDS en Viatores wil ik bedanken. Ik ben
de afgelopen 10 jaar bijzonder aan jullie en de mannen gehecht geraakt en kijk terug op
heel veel mooie momenten samen.

Ik ben een familiemens, en dat is natuurlijk niet zonder reden. Lieve familie, opa Piet,
oma Gemma, oma Ans, ooms en tantes van beide kanten, neefjes en nichtjes: jullie zijn
het warme bad waarin ik ben opgegroeid. Opa Huub, jouw naam draag ik met trots.

Lieve Pierre, Annelies, Margaux, Mark en Poé, wat ben ik blij om onderdeel van jullie
familie te zijn. Een studie Geneeskunde verbleekt bij wat ik allemaal bij heb moeten leren
over de Franse cultuur in de afgelopen 10 jaar, maar daar hebben jullie mij ontelbare
mooie herinneringen voor teruggegeven. Jullie voelen als thuis. En wat betreft dit
proefschrift: die schrijfretraites onder de Zuid-Franse zon hebben dit proefschrift altijd
weer verder geholpen. Lieve Juul, dank voor alle fijne momenten samen op de Loeff,
waar we allebei aan ons promotietraject begonnen.

Lieve Maud en Gilles, mijn paranimfen, wat ben ik trots dat wij hier vandaag met zijn

drieén staan. Jullie zijn mijn beste maatjes, ik kan op jullie bouwen en vertrouwen - en
eindeloos met jullie lachen. En ik besef me maar al te goed hoe uniek dat is. Lieve Lotje,
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wat is het fijn dat jij onderdeel bent van onze familie. Ik bewonder je warmte en aandacht,
en hoe je ook altijd je mannetje staat.

Lieve papa en mama, ik weet niet of woorden op papier recht kunnen doen aan wat ik
jullie zou willen zeggen. Jullie waren, en zijn nog steeds, de veilige, warme basis waarin
ik me heb kunnen ontwikkelen tot wie ik ben. En jullie zijn op zoveel manieren een voor-
beeld voor me. Bedankt voor jullie steun en vertrouwen, en voor de inmiddels ontelbare
fijne momenten samen. En pap, wat is het bijzonder dat jij de prachtige voorkant van dit
proefschrift hebt gemaakt. Hierin combineerde je het onderwerp van mijn proefschrift
met onze gedeelde passie voor de bergen.

Lieve Maité, op de toppen van de Alpen of een ochtendduik in de Lek: wij maken overal
geluk. Ik geniet van elke dag met jou, je bent mijn thuis. Je daagt me uit te blijven
ontdekken en laat me meeliften op de lichte manier waarmee je je door het leven
beweegt. Je inspireert me en houdt me met beide benen op de grond. Ik ben trots op jou
en op wie wij samen zijn, en ik kan niet wachten op de rest van ons leven samen.
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