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GENERAL INTRODUCTION

Systemic lupus erythematosus
Systemic lupus erythematosus (SLE) is a rare systemic autoimmune disease. The estimated 
prevalence of SLE worldwide is approximately 43.7 per 100.000 persons.1 Approximately 
90% of all patients with SLE are female, and the disease frequently debuts at a relatively 
young age between 20 and 50 years old.2,3 

SLE is associated with a wide range of clinical symptoms, ranging from relatively mild 
symptoms and abnormalities in laboratory results, to potentially life-threatening symp-
toms.4 For example, Patient A might exhibit a relatively mild course of the disease, with 
a characteristic UV-sensitive butterfly rash, fatigue and arthralgia as main symptoms of 
the disease, whereas in Patient B, SLE might cause inflammation of the internal organs, 
resulting in potentially life-threatening complications of the disease such as nephritis or 
pericarditis.5,6 And in patient C, the disease might be characterized by neuropsychiatric 
symptoms, such as psychosis and severe headaches, as well as thrombosis and compli-
cations during pregnancy due to the closely related antiphospholipid syndrome (APS).7 
Despite experiencing vastly different symptoms, the symptoms of all three of these 
patients can be clinical manifestations of SLE.

The diagnosis of SLE does not rely on the presence of one single clinical or immunolog-
ical manifestation, but rather on the simultaneous or consecutive presence of a number 
of clinical and immunological manifestations out of a set of associated manifestations. 
SLE could therefore be considered a syndromal diagnosis, without a single communal 
pathophysiological mechanism that can be used to diagnose SLE. In contrast, the diagno-
sis of SLE is made when patients exhibit a combination of symptoms and immunological 
manifestations.4

Pathophysiology of SLE
Rather than having a single communal pathophysiological pathway, SLE is considered to 
have a complex multifactorial pathophysiology, which includes immunological, hormo-
nal, and genetic components.8 

The process of apoptosis has been suggested to be one of the core drivers of the immu-
nological pathophysiology of SLE.9 Apoptosis is the process of regulated programmed 
cell death, in which damaged or redundant somatic cells are processed. In normal situ-
ations, this happens in an organized manner, in which components of the dying cell are 
broken down and distributed in small apoptotic blebs. These blebs can then be phagocy-
tosed and cleared by macrophages.10,11 This is in contrast to the unorganized process of 
necrosis, the process in which cell death occurs due to acute damage to cells, resulting in 
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rupturing of the cells, and spilling of unmodified intracellular components, causing local 
inflammation.11 

In SLE, both the process of apoptosis itself and the clearing of apoptotic blebs can be 
impaired.10 Disorganized apoptosis, as well as ineffective clearing of apoptotic material, 
can result in prolonged or increased exposure of intracellular content to the immune sys-
tem. This exposure to autoantigens, which are usually confined intracellularly, can result 
in several immunological manifestations, including the production of autoantibodies, ac-
tivation of the innate immune system and the production of pro-inflammatory cytokines 
(Figure 1). Furthermore, incomplete or delayed clearing of apoptotic material can cause 
secondary necrosis, additionally resulting in local inflammation.12

Autoantibodies are nearly omnipresent in patients with SLE and are also part of the clas-
sification criteria for SLE.4 These autoantibodies often target antigens from the nucleus 
of somatic cells, such as double stranded DNA (anti-dsDNA) and ribonucleoproteins (an-
ti-RNP and anti-Sm).13,14 These antigens are typically located intracellularly, and therefore 
out of reach of the immune system. However, in the process of disorganized apoptosis 
or necrosis, these autoantigens are expelled in the extracellular space where they can be 
phagocytosed by dendritic cells, which in turn can stimulate B-cells to produce autoanti-
bodies against autoantigens. These autoantibodies can react with their antigen, resulting 
in the formation of immune complexes. These immune complexes can cause direct organ 
damage by accumulating in small vessels, causing local inflammation and can also stimu-
late the production of additional pro-inflammatory cytokines.15,16 

One group of pro-inflammatory cytokines influenced by immune complexes are Type I 
interferons (IFN).17 Type I interferons are primarily produced by plasmacytoid dendritic 
cells (pDCs) and are part of the normal innate immune response against viral infection, in 
which they cause activation of both the innate and adaptive immune system.16,18,19 Over-
production of type I interferons causes a measurable upregulation of IFN related genes, 
commonly called an IFN signature.20 This IFN signature can often be seen in patients with 
SLE, as well as in patients with other systemic autoimmune diseases, such as Sjögren’s 
syndrome.21 Previous research projects, in which patients were treated for malignancies 
with IFN-α, a type I IFN, showed that increased exposure to type I IFN can cause patients 
to develop a lupus-like disease with formation of autoantibodies to nuclear antigens, 
suggesting an important role in the pathophysiology of SLE.22 

Another core immunological feature of SLE is complement activation.23,24 The comple-
ment system consists of a group of proteins present in plasma and on cell surfaces. The 
complement system plays an important feature of the normal innate immune system by 
augmenting the effectiveness of the innate and adaptive immune system. Furthermore, 
it is also involved in the disposal of immune complexes and apoptotic debris by opsoni-
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zation.23 The formation of immune complexes and ineffective process of apoptosis in SLE 
can cause activation of the complement system, resulting in increased inflammation. As 
complement factors are present in the plasma of patients and therefore relatively easy to 
measure, complement factors are often used as a marker to evaluate disease activity.23,25,26 

Similar to apoptosis, NETosis is a process of organised cell death.27,28 During NETosis, 
neutrophil extracellular traps (NETs) are formed, by neutrophilic granulocytes extruding 
their nuclear material to form a web-like structure. Unlike during apoptosis, in which the 
intracellular components are expelled in organised blebs, during NETosis the intracellular 
components are expelled in a far less organised process, resulting in exposure of the 
immune system to antigens that are usually confined intracellularly.29 NETs are consid-
ered a physiological manifestation, as these NETs trap and kill bacteria with the use of 
complement activation. However, patients with SLE have been shown to have increased 
NET formation and an impaired degradation of NETs, resulting in prolonged exposure of 
the nuclear material in these NETs.29 These NETs both contain many of the antigens of 
SLE-related autoantibodies, but have also been shown to stimulate production of type I 
interferons.30 

Genetic and hormonal factors are also considered to play a role in the pathophysiology of 
SLE. Although little single genetic variations are known to directly cause SLE, variants of 
a number of genes have been associated with SLE. Many of these associated genes code 
are involved in immunological functions, such as Fcγ receptors (i.e. FcGR2A–FcGR3A), 
interferon response (i.e. STAT4), and clearance of complement and immune complexes 
(i.e. ITGAM).31 However, these genetic factors cannot fully explain the prevalence of SLE. 
For example, a comprehensive review by Block found that only approximately 40% of 
monozygotic twins with at least one case of SLE were clinically concordant, despite being 
genetically identical.32 Although the prevalence in monozygotic twins was notably high-
er than in dizygotic twins (approximately 4%), this suggests that genetic factors influence 
the immune system resulting in an increased predisposition to develop SLE, although not 
directly causing it.33 

Similarly, sex hormones have been shown to influence the function of the immune re-
sponse.34 Oestrogen stimulates both the innate and the adaptive immune system in a 
multitude of ways. For example, oestrogen increases TLR7 and TLR9 signalling in dendrit-
ic cells, resulting in type 1 IFN production, and promotes antibody secretion in B-cells.35,36 
Although not directly causing the symptoms of SLE, they are thought to lead to an 
increased predisposition of factors contributing to the development of SLE, potentially 
explaining the increased prevalence of SLE in females compared to males. 
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Although many of these immunological manifestations are associated with SLE, they 
do not fully explain the variability in symptoms and immunological manifestations in 
patients with SLE. Patients with a similar course of the disease can have a different im-
munological phenotype, whereas patients with similar immunological phenotypes can 
have different symptoms.37,38 The lack of a single communal pathophysiology raises the 
question whether SLE should be considered one single disease with different clinical 
phenotypes and a shared multifactorial pathophysiology, or rather a collection of dif-
ferent sub-diseases with a different immunological pathophysiology, resulting in similar 
phenotypes, which currently are all collected under the banner of SLE.39 

Before the diagnosis of SLE
The wide variety of clinical manifestations can make SLE very challenging to diagnose, 
often resulting in a significant delay between the constitution of the first SLE-related 
symptoms and the eventual diagnosis. This delay commonly ranges from several months 
to multiple years.5 The delay can partially be attributed to the initial presentation of 
the disease, as non-specific symptoms are usually the symptoms which are constituted 
first.40,41 These symptoms can also be caused by a wide range of diseases, therefore clinical 
suspicion for a rare disease such as SLE is often low, as there are far more prevalent causes 
for these symptoms, such as viral infections. SLE is often only diagnosed after additional, 
more SLE-specific symptoms constitute. This is unfortunate, as this delay not only results 
in a higher burden of disease and increased uncertainty for patients, but a longer time to 
diagnosis is also associated with the accrual of potentially irreversible damage.42 

Figure 1: A simplified overview of the pathophysiology of SLE
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After the diagnosis of SLE
For some patients with SLE, the disease is characterised by infrequent flares with rela-
tively mild symptoms, and these patients usually achieve quiescent disease activity with 
relatively minimal medication. However for other patients, their disease is characterised 
by frequent flares with possibly life-threatening symptoms, such as nephritis or pericar-
ditis.4,43 Clinical tools to predict the course of disease for a newly diagnosed SLE patient 
are severely limited, resulting in great uncertainty about the future for these patients.44,45 
Furthermore, the inability to identify patients with severe disease in an early stage might 
result in undertreatment of patients because of late recognition of these symptoms, 
ultimately resulting in organ damage.42 

Similar to the inability to recognize the course of the disease, there also is a need for 
means to predict which patients react well to different types of treatment.46,47 Because of 
the complex pathophysiology of SLE, there are also different types of treatment, targeting 
different aspects of the immune system.48 For example, corticosteroids are used as gen-
eral immunosuppressants, hydroxychloroquine and anifrolumab target the interferon-re-
lated pathways, and rituximab and belimumab are mainly targeting B-lymphocytes.49–52 
Identification of different immunological pathophysiologic pathways in patients with SLE 
would help to identify patients which would respond well to certain types of targeted 
therapy, such as anti-CD20 or anti-interferon recombinant antibodies. 

Targets for (early) diagnostics and prediction models
Insight in the complex pathophysiology of SLE can help to meet this need for better 
diagnostic tools, prediction of the course of the disease and response to therapy. Out 
of all immunological manifestations, autoantibodies are considered the most strongly 
associated immunological manifestations in SLE. Anti-dsDNA antibodies are commonly 
detected in the serum of patients with SLE and many more autoantibodies have been 
associated with SLE in previous studies.14,53 Some antibodies are known to often be 
present years before diagnosis, suggesting potential as a prime target for early diagnostic 
tools.54 Some antibodies also have a clear association with specific symptoms, suggesting 
possible use for the prediction of the symptoms and course of the disease. For example, 
anti-C1q antibodies are strongly associated with renal flares and anti-ribosomal P protein 
antibodies are associated with neuropsychiatric symptoms.45,55 However, in practice 
individual antibodies lack the sensitivity and specificity to accurately establish the diag-
nosis of SLE or to predict the course of the disease for individual patients. The diagnostic 
potential of autoantibodies might be utilized more effectively by evaluating patterns of 
autoantibodies, rather than individual antibodies, and expanding prediction models to 
include other immunological manifestations as well, such as the IFN signature and NETs. 
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Challenges with scientific research
SLE is a rare disease, therefore performing research can be challenging, as large groups of 
study participants are often needed to answer research questions. Due to the rarity of the 
disease, studies are commonly performed with small groups, limiting the strength of the 
evidence of their findings.56 Additionally, clinical trials often employ stringent methodo-
logical criteria for inclusion and exclusion. One of the main benefits of this is limiting the 
number of possible confounders, making the resulting data easier to interpret. However, 
the resulting curated study population does not always accurately represent the entire 
population of patients with SLE, potentially resulting in limited generalizability of the 
findings to the real world population.57

Besides data from clinical trials, data recorded in regular care can also serve as an im-
portant source of data for research, primarily in retrospective studies using patient chart 
review as the means for data collection. Although this method of data collection is much 
cheaper than clinical trials, and better represent the real-world population, it also has 
some drawbacks. Studies using data collected in regular care are more prone to biases, 
confounders and missing information, hampering the interpretability of the results.58 

As the data collected in regular care is primarily recorded by physicians with the aim of 
providing the best care for patients, they are commonly not structured for research pur-
poses, making it difficult to extract the relevant data for research.59 This data extraction 
by patient chart review can be very time-consuming, especially when considering large 
groups of patients. However, in the last several years, technological developments have 
made it possible to automate part of the process of data collection from the health care 
records.60,61 This has the potential to greatly reduce the time needed for the data collec-
tion, as well as eliminate inter- and intra-observer variability, further facilitating the use of 
regular care data for research. 

Outline and goal of this thesis
SLE is a heterogeneous disease, both in heterogeneity of symptoms and of immunolog-
ical manifestations. Due to the large number of associated symptoms, there often is a 
significant delay between the constitution of symptoms and the eventual diagnosis. The 
course of the disease can vary from relatively infrequent flares with mild symptoms to fre-
quent flares with possibly life-threatening complications, requiring intensive treatment. 
There is a need for reliable early diagnostic tools, in order to limit the diagnostic delay 
and potential for accrual of organ damage during the period of undertreatment. Similar-
ly, there is a need to identify predictors for the course of the disease, as well as predictors 
for response to targeted therapy in order to identify and adequately treat patient with a 
severe course of the disease.  
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Previous research has shown that several immunological manifestations, such as autoan-
tibodies, have great potential for early diagnostic purposes. The goal of this thesis is to 
expand the field of early diagnostics in SLE. It focuses on expanding the arsenal of tools 
to collect and use data from regular care to facilitate research projects for rare diseases, 
and explores the use of autoantibodies and other immunological manifestations as part 
of prediction models for the development of SLE. 

Part 1 – Use of data from regular care for research
In a research field where large-scale studies are scarce due to the rarity of the studied dis-
ease, it is important to utilize the real-life data from regular care to their full potential. The 
current method of manual patient chart review, which is seen as the golden standard for 
this end, has several drawbacks. In the first part of this thesis, we explored a novel meth-
od of extracting relevant information from the data recorded in the Electronic Health 
Records (EHR) during regular care. In Chapter 2, we present a text mining algorithm, 
designed to extract relevant information from the EHR, that can be used as an alternative 
for manual patient chart review. 

Part 2 – Autoantibodies as targets for early diagnostics
Previous studies have shown a wide variety of autoantibodies to be associated with SLE. 
As some of these autoantibodies can be present in the blood of patients, even before 
the first symptoms constitute, these are prime targets for the development of early di-
agnostic tools. In Chapter 3, we show that, amongst well-known autoantibodies such as 
anti-dsDNA and anti-Sm, anti-CpG antibodies are prevalent in a large number of patients 
with SLE, potentially revealing a new target for diagnostic tools. In Chapter 4, we present 
a model based on profiles of multiple autoantibodies that can be used to identify patients 
with SLE, even before diagnosis. 

In Chapter 5, we describe our effort to evaluate the predictive value of antinuclear an-
tibodies (ANAs) in patients for the development of multiple different connective tissue 
diseases, including SLE. As the pathophysiology of SLE is multifactorial and complex, we 
investigated associations of several of these different immunological manifestations. In 
Chapter 6, we examined the relationships between autoantibodies and the type 1 inter-
feron (IFN) signature, as well as the release of NETs. In Chapter 7, we provide an overview 
of recent developments in the field of biomarkers for the use of diagnostics in SLE.

Lastly, in Chapter 8 the main findings of this thesis and potential improvements to the 
early diagnostics of SLE are discussed. 
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ABSTRACT

Background
Electronic Health Records (EHR) are increasingly being recognized as a major source of 
data reusable for medical research and quality monitoring, although patient identifica-
tion and assessment of symptoms (characterization) remain challenging, especially in 
complex diseases such as systemic lupus erythematosus (SLE). Current coding systems 
are unable to assess information recorded in the physician’s free text notes. This study 
shows that text mining can be used as a reliable alternative.

Methods
In a multidisciplinary research team of data scientists and medical experts, a text mining 
algorithm on 4607 patient records was developed to assess the diagnosis of 14 different 
immune-mediated inflammatory diseases and presence of 18 different symptoms from 
the EHR. The text mining algorithm includes key words in the EHR, while mining the 
context for exclusion phrases. The accuracy of the text mining algorithm was assessed 
by manually checking the EHR of 100 random patients suspected of having SLE for diag-
noses and symptoms, and comparing the outcome with the outcome of the text mining 
algorithm. 

Results
After evaluation of 100 patient records, the text mining algorithm had a sensitivity of 
96.4% and a specificity of 93.3% assessing presence of SLE. The algorithm detected po-
tentially life-threatening symptoms (nephritis, pleuritis) with good sensitivity (80%-82%) 
and very high specificity (97%-97%). 

Conclusion
We present a text mining algorithm that can accurately identify and characterize patients 
with SLE using routinely collected data from the EHR. Our study shows that using text 
mining, data from the EHR can be reused in research and quality control.
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INTRODUCTION

Electronic health records (EHR) are increasingly being recognized as a major source of 
data reusable for medical research and quality monitoring. In the EHR, clinical informa-
tion for the patient’s diagnostic and therapeutic trajectory is collected. This includes 
logistic information, such as time and date of appointments, as well as results from 
laboratory tests, lists of medication and arguably most important, the physicians’ notes 
of the patients’ visits. Some of the data are recorded using the structured International 
Classification of Diseases (ICD)-10 (or ICD-9) codes, yet these are too rigid to reflect clin-
ically relevant subtleties, often unreliable and have a large inter-observer variability.1–3 
However, crucial information about diagnosis and symptoms is often recorded in the 
physician’s unstructured free text notes. 

For physicians, the main advantage of using free text is that it offers the opportunity for 
nuance and expression.4 This nuance and expression is very important in diseases with 
different phenotypes and courses of disease, such as auto-immune diseases. For research 
and quality control however, accumulation of relevant information in free text in the EHR 
presents a challenge. Manual extraction of information from free text is time consuming 
and is therefore not practical in studies with large amounts of patients. In addition, man-
ual extraction is prone to errors and limits reproducibility.5,6 Moreover, a new or altered 
research question will result in having to review all data again. Because of this, other 
methods of retrieving this data are currently being developed. 

Text mining methods are increasingly being used to collect information from free text. 
With text mining, it is possible to scrutinize free text for key words or phrases regarding 
variables of interest, which can be captured in a structured way. However, recent studies 
show that identification of patients with a certain diagnosis improves when also using 
free text, compared to coding systems alone.7,8 Text mining can also be used to charac-
terize patients by evaluating the presence of risk factors or multiple manifestations of 
disease, whereas coding systems are mainly used for diagnoses and a small selection 
of symptoms.9–11 This can be especially helpful in studying the heterogeneous clinical 
course of patients with immune mediated inflammatory diseases (IMIDs). 

One IMID in which this characterization is very important is systemic lupus erythematosus 
(SLE). SLE is a systemic IMID with a large but varied set of associated symptoms, ranging 
from relatively mild dermatological manifestations to possibly life-threatening nephritis. 
SLE can be difficult to diagnose, as it shares multiple symptoms and often overlaps with 
other IMIDs, such as Antiphospholipid Syndrome (APS). Serological examination can be 
utilized to aid in the diagnostic process. Auto-antibodies against double-stranded DNA 
(anti-dsDNA) are highly specific for SLE and are only examined in practice whenever there 
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is clinical suspicion of SLE, since they are not associated with any other disease, although 
it is known that they are also present in a small percentage of the healthy population.12

Reliable identification of the patients is a necessity for clinical research and quality control 
reusing data from the EHR. Furthermore, for diseases in which there is a large heteroge-
neity in the clinical course, patient characterization can be of great added value. In this 
study we present a rule-based text mining algorithm capable of reliably assessing the 
diagnosis and clinical manifestations of a cohort of patients suspected of having SLE. 

PATIENTS AND METHODS

Study population
This study was performed in the University Medical Center Utrecht (UMC Utrecht), a 
tertiary care center in the Netherlands. To ensure a balanced cohort of patients with and 
without the diagnosis of SLE, all patients who were tested for anti-dsDNA antibodies 
between February 2014 and July 2017 were included in a cohort, irrespective of the result 
of the test. Anti-dsDNA testing is an important component of the diagnostic process for 
all patients who are suspected of having SLE and is also part of the annual laboratory 
follow-up for all patients with SLE, according to the hospital protocol. The date of each 
anti-dsDNA test in this cohort was regarded as an individual time point for which the 
diagnosis and symptoms were assessed in this study. Of some patients, samples were 
collected at multiple time points. Informed consent was not collected in this study, the 
requirement for obtaining informed consent was waived by the Biobank Research Ethics 
Committee due to the large number of patients, many of which no longer are under 
control in the UMC Utrecht.

Electronic Health Records
The UMC Utrecht uses ChipSoft HiX as its electronic health record system. Within this 
software system all relevant medical data can be accessed, reviewed and recorded by the 
physician. This includes among other things laboratory data, medication data, physician’s 
notes by all of the physicians treating the patient in the hospital, including from different 
departments, and letters to the patient’s general practitioner (GP), which are used in the 
current study. Medication data and laboratory data are recorded in a structured format 
and are therefore easily usable in research. Although the physician’s notes and letters to 
the GP usually follow a certain format, they consist mostly of free text and are therefore 
considered unstructured. 

Because drawing of blood did not always happen on the same day as the visit to the clini-
cian, clinical data for up to 14 days after sample collection were used. Data were extracted 
from the EHR through the Utrecht Patient Oriented Database (UPOD). The structure and 
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function of UPOD is described elsewhere.13 In brief, UPOD is an infrastructure of relational 
databases comprising data on patient characteristics, hospital discharge diagnoses, med-
ical procedures, medication orders and laboratory tests for all patients treated at the UMC 
Utrecht since 2004. This study was in accordance with the guidelines approved by the 
Medical Ethical Committee and approved by the biobank committee of the UMC Utrecht. 
All collected data were pseudonymized for privacy reasons.

Text mining
To search the EHR for relevant data, a rule-based text mining algorithm for the Dutch 
language was developed in R. The algorithm looks for specific key words that indicate 
that something (e.g. a diagnosis) is present in the text. Key words were constructed for 
SLE, as well as several other IMIDs, which can cause similar symptoms as SLE and could 
therefore explain the requested anti-dsDNA test requested by the physician. These key 
words were used to identify patients with a clinical diagnosis of an IMID, as recorded in 
the EHR, rather than identify patients fulfilling classification criteria for a specific IMID. 

Key words for diagnoses and symptoms
Key words were formulated for SLE as well as several other auto-immune diseases which 
can overlap with or can mimic symptoms of SLE. The list of symptoms for which key 
words were made, was based on the individual clinical components of the SLE disease ac-
tivity index (SLEDAI).14 Hematological and serological components of the SLEDAI can be 
extracted from laboratory results directly, therefore there is no need to use text mining 
for these manifestations. Ambiguous terms or abbreviations that can indicate multiple 
things, for example “DM” can indicate the diagnosis of either dermatomyositis or diabetes 
mellitus, were excluded from the list of key words. When seen in the context of the total 
report in the EHR, the true meaning of such an ambiguous term is usually relatively easy 
to interpret for a person, but not for a text mining algorithm. The complete list of diag-
noses and symptoms for which key words were formulated is available in supplementary 
Tables 1a and 1b. 

Key words were formulated based on terms used in literature, clinical practice and known 
synonyms using regular expression.  Results of the most recent version of the algorithm 
were compared to manual review in an iterative process. Discordances were noted and 
used to improve the algorithm. Over 100 patient records were manually reviewed in five 
iterations to improve performance. To facilitate incorporation of expert knowledge within 
the algorithm, the process of constructing key words was supervised by a specialized 
clinical immunologist (ML). 

Context mining of negative and neutral records
In the EHR, key words can be present in either a positive, negative or neutral context. In 
a positive context, the key words indicate that the disease or symptom is present and 
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should be recorded as such. However, when mentioned in a negative context (e.g. ‘diag-
nosis X is unlikely’), this instance should function as an indication that a diagnosis is less 
likely. 70 variations of negative context were constructed. Using both the positive and 
negative instances of the key words, a calculation was made to assess the likelihood of 
actual presence (see below). This calculation does not include neutral records, e.g. records 
mentioned in the differential diagnosis, because a diagnosis mentioned in the differential 
diagnosis is neither definitively present nor absent and therefore does not influence the 
likelihood of the definitive diagnosis. 

Confidence
To assess the likeliness of presence of each individual diagnosis or symptom, we calculat-
ed a “confidence” score: 

Established diagnoses are often repeated in the EHR, therefore the number of times a dis-
ease that is present is mentioned in the EHR should be relatively high, resulting in a high 
level of confidence. New patients will have fewer records of their diagnoses, but since the 
total number of documents included is small as well, the resulting confidence level will 
still be high. To limit the number of false positives, negative records were assigned more 
weight than positive records, since positive records might occasionally be found in the 
EHR of non-patients, whereas negative records in the EHR of patients are scarce. 

Based on iterative manual checking for diagnoses given by the text mining program dur-
ing development of the algorithm, we identified a cut-off of a confidence level of 14% to 
be appropriate to limit the number of false positives and false negatives. If there was no 
single diagnosis with a confidence level of 14% or higher for a sample, this was defined as 
a “no diagnosis” category. Patients with more than one diagnosis with a confidence level 
of 14% or higher were recorded as having multiple diagnoses, for example if there is a 
confidence level of 60% for both SLE and APS, this is recorded as the patient having both 
diagnoses. 

For symptoms, a similar approach was used. However, unlike the diagnosis, the presence 
of symptoms can be different at each visit to the physician and is therefore mentioned 
less often in the total number of documents, resulting in lower confidence levels. This 
lower level of confidence mainly affects non-life-threatening symptoms, since critical 
symptoms such as nephritis or pericarditis are commonly repeated in the patient history 
if ever present. Similar to the diagnosis, negative records of symptoms lowered the con-
fidence level and neutral records were ignored. With the goal of creating an overview of 
the symptoms in the patient’s history, we chose to set the level for inclusion of symptoms 
to a confidence level of 1%, meaning there had to be more positive records than negative 
records. This approach means that assigned symptoms should be interpreted as having 
been present at least once and not necessarily as present at the time of record.
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Assessment of accuracy of the text mining algorithm
To assess the accuracy of the final version of the text mining algorithm, 100 patients 
from the cohort were randomly selected, independent of the records used to determine 
the cut-off for the level of confidence, the diagnoses were manually gathered from the 
EHR by a clinical immunologist with expertise in the field of SLE (ML). The clinical immu-
nologist was blinded for the outcome of the text mining algorithm during this process. 
The diagnoses reported by the clinical immunologist were used as the gold standard to 
compare with the diagnoses reported by the text mining algorithm and used to calculate 
sensitivity and specificity. A similar approach was used to determine the accuracy of the 
text mining algorithm for symptoms. Due to low prevalence of several symptoms, we 
only analyzed the accuracy for symptoms with a prevalence of at least 10% in the 100 
randomly selected patients.

RESULTS

Patients and demographics
Between 2014 and 2017, 2038 patients were tested for the presence of anti-dsDNA anti-
bodies for a total of 4607 times. The mean age of all patients at the time of collection of 
their first visit was 44.9 years, 63.4% of all patients were female. 

Diagnoses
The text mining algorithm assigned the diagnosis SLE to 484 patients (23.7%) at the first 
record, making it the most common diagnosis (Figure 1, supplementary Table 2). One 
thousand two hundred and two (1202) patients (59.0%) were assigned no diagnosis at 
the first record. Twenty-six patients were assigned SLE after the first record, bringing the 
total number of patients with SLE during the entire follow-up to 510 (25%). The diagnosis 
SLE was assigned in 2726 records (59%). 

Overlap of multiple diagnoses was common in our cohort. Overlap of APS and SLE was 
the most common, in 64 patients at the time of the first sample. Our algorithm report-
ed both a diagnosis of Cutaneous Lupus Erythematosus (CLE) and SLE in 59 patients. 
Lupus-Like Disease (LLD) is also called incomplete SLE, and some patients with LLD will 
eventually develop SLE. Combination of both LLD and SLE was recorded in 28 patients.
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Symptoms
The prevalence of all symptoms is presented in Table 1. Fatigue was the most common 
symptom in both patients with and without SLE. Nephritis was reported in 33.3% of all 
patients with SLE.  

Figure 1 Flowchart of identification of patients with SLE at first record. 

The first records of all 2038 patients in the cohort were evaluated by the text mining algorithm, which 
assigned the diagnosis SLE to 484 patients. 352 patients were assigned another IMID: Antiphospholipid 
syndrome (APS), Cutaneous lupus erythematosus (CLE), Giant cell arteritis (GCA), Granulomatosis with 
polyangiitis (GPA), Idiopathic inflammatory myopathy (IIM), Juvenile idiopathic arthritis (JIA), Lupus like 
disease (LLD, also known as incomplete SLE), Mixed connective tissue disease (MCTD), Polymyalgia rheu-
matica (PMR), (primary) Sjogren’s syndrome (pSS), Rheumatoid arthritis (RA), Systemic sclerosis (SSc) or 
Undifferentiated connective tissue disease (UCTD).

Table 1: Prevalence of symptoms.

Feature Prevalence (N, (%))

Total number of patients 2038

Symptoms

Alopecia 292 (14.3)

Arthritis 328 (16.1)

Arthralgia 322 (15.8)

Cranial Nerve Disorder 141 (6.9)

CVA 317 (15.6)

Digital ulceration 14 (0.7)

Fatigue 1030 (50.5)



31

Text Mining of Electronic Health Records Can Accurately Identify  
and Characterize Patients with Systemic Lupus Erythematosus

C
h

a
p

te
r 

2

Performance of the algorithm
The results of the comparison of the outcome of the text mining algorithm and judge-
ment of the clinical immunologist is shown in Table 2. In 71 out of the 100 randomly 
selected patients, the diagnoses of the text mining algorithm and of the clinical immunol-
ogist matched completely. In 9 cases, the text mining algorithm recorded overlap of SLE 
with CLE and/or LLD, whereas the clinical immunologist recorded only SLE to be present. 
Seven patients were assigned another diagnosis overlapping with SLE by the text min-
ing algorithm, for example overlap of SLE with APS, whereas the clinical immunologist 
only reported the diagnosis SLE. The algorithm misdiagnosed 5 patients, which were 
determined to have no diagnosis according to the clinical immunologist. Conversely, the 
algorithm missed a diagnosis in 8 cases. 

The clinical immunologist assigned SLE as a diagnosis to fifty-five of the 100 patients. 
Fifty-three out of these 55 were correctly recorded by the text mining algorithm and 3 
false positives were recorded, resulting in a sensitivity and specificity of 96.4% and 93.3% 
respectively, with a positive predictive value (PPV) of 94.6%. The algorithm correctly 
reported 22 out of the 26 patients with no assigned diagnosis, and mistakenly reported 8 
patients not to have an IMID, resulting in a sensitivity and specificity of 84.6% and 89.2% 
respectively for identifying patients without an IMID diagnosis. (Table 3). 

Ten out of the 18 studied symptoms were present in at least 10% of the 100 patients. 
The sensitivity of the text mining algorithm was variable for different symptoms, ranging 
from poor (0.38 for mucosal ulcerations) to good (0.84 for fatigue). Specificity generally 
was very good, with a specificity of over 0.90 for most symptoms (Table 4). The algorithm 

Table 1: Prevalence of symptoms. (continued)

Feature Prevalence (N, (%))

Mucosal ulcers 323 (15.6)

Myositis 55 (2.7)

Nephritis 203 (10.0)

Rash 310 (15.2)

Pericarditis 134 (6.6)

Pleurisy 117 (5.7)

Psychosis 59 (2.9)

Raynaud 432 (21.2)

Seizure 139 (6.8)

Vasculitis 270 (13.2)

Visual Disturbance 20 (1.0)

Prevalence of clinical symptoms in all patients at the time of the first record. Since laboratory parameters 
can be assessed by using structured data and no text mining is required to assess these data, these param-
eters are not shown. “Rash” includes photosensitivity and malar rash. 
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detected possibly life-threatening symptoms pleuritis and nephritis with good sensitivity 
and very high specificity. 2x2 Tables for all symptoms are available in supplementary 
Table 3.

Table 2: Performance of the text mining algorithm for diagnosis. 

Outcome N

Complete match 71

Algorithm reported overlapping diagnosis of LLD/CLE in context of SLE, 
whereas immunologist did not report overlap

9

Algorithm missed an overlapping diagnosis 4*

Algorithm assigned an extra overlapping diagnosis 4*

Diagnosis wrongly assigned by algorithm 5

Diagnosis missed by algorithm 8

Comparison of 100 randomly selected patients, diagnosis assessed by text mining algorithm compared to 
assessment of a clinical immunologist. 

* In one case, the text mining algorithm missed one overlapping diagnosis and also misdiagnosed anoth-
er overlapping diagnosis. This case is represented in both rows.

Table 3: Performance of the text mining algorithm for diagnosis of SLE. 

Diagnosis N (according to manual review) Sensitivity Specificity PPV NPV

SLE 53 0.96 0.93 0.95 0.95

APS 11 0.72 1 1 0.97

No diagnosis 26 0.85 0.89 0.73 0.94

Sensitivity, specificity, positive predictive value (PPV) and negative predictive value (NPV) for all diagnoses 
with a prevalence of over 10% in the 100 randomly selected patients (n=90). Ten patients had another 
diagnosis than SLE or APS.

Table 4: Performance of the text mining algorithm for symptoms. 

Symptom N (according to manual review) Sensitivity Specificity PPV NPV

Alopecia 26 0.65 0.95 0.81 0.89

Arthritis 41 0.41 0.92 0.69 0.77

Arthralgia 45 0.56 0.93 0.86 0.72

Fatigue 67 0.84 0.64 0.82 0.66

Mucosal ulcers 21 0.38 0.81 0.35 0.83

Nephritis 39 0.82 0.97 0.94 0.89

Rash 49 0.51 0.90 0.66 0.83

Pleuritis 10 0.80 0.97 0.73 0.98

Raynaud 26 0.69 0.88 0.67 0.89

Vasculitis 17 0.53 0.94 0.64 0.91

Sensitivity, specificity, positive predictive value (PPV) and negative predictive value (NPV) for all symp-
toms with a prevalence of over 10% in the 100 randomly selected patients.
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DISCUSSION

Patient identification is a vital part of research and quality control reusing data from the 
EHR. Because the reliability of traditional coding systems is limited for these purposes, 
we investigated an alternative method of patient identification as well as patient charac-
terization. In this study, we developed a rule-based text mining algorithm to assess the 
presence of a diagnosis of autoimmune diseases in the EHR, as well as to assess SLE-relat-
ed disease manifestations. 

Our text mining algorithm has very good accuracy for the diagnosis of SLE when com-
pared with the assessment of a medical specialist, with a high sensitivity and specificity. 
Moreover, it outperforms other algorithms for identifying patients with SLE presented in 
previous studies. For example, Jorge et al. and Barnado et al. used algorithms processing 
a combination of structured parameters, such as number of corresponding ICD-codes, 
positive lab results and use of medication (PPV 92%, sensitivity 47% and PPV 91%, sensi-
tivity 40% respectively).15,16 Jorge et al. also developed an algorithm which included both 
structured parameters and natural language processing, but this algorithm performed 
slightly worse than the algorithm using only structured parameters (PPV 90%, sensi-
tivity 41%).15 Murray et al. used a combination of these structured parameters and also 
included the use of a single search term for “lupus” in the EHR notes, but reached similar 
results to the studies who did not include this single free text search term (PPV 85/98%, 
sensitivity 97/84%).17 A limitation of these machine learning models is that they have 
limited portability, restricting their widespread use, although recently improvements in 
this regard have been made.15 A possible explanation for why our algorithm outperforms 
these models is that our algorithm does not include ICD-codes and does include con-
text mining in regards to text processing. Furthermore, our text mining algorithm does 
not consider our primary inclusion criteria, anti-dsDNA, whereas these studies selected 
patients based on SLE-associated ICD-codes, which were subsequently assessed by the 
corresponding algorithms, possibly introducing a bias.

It is noteworthy that our algorithm assesses the clinical diagnosis recorded in the EHR, 
rather than the diagnosis according to classification criteria. Although classification 
criteria provide a point of reference to clinicians as to which patients should be given a 
clinical diagnosis, the main use of classification criteria is to define a homogeneous group 
of patients for research.18 In our study, we chose to focus on the clinical diagnosis. 

Ideally, we would have also compared the outcome of the algorithm with the recorded 
ICD-coding. Unfortunately, in the Netherlands the ICD coding is not recorded directly 
into the EHR, but rather a derivative of the financial coding system, called “DBC”, which 
uses different coding than the ICD-coding. For registration purposes, an ICD-code is later 
linked to all different DBC codes. This indirect coding introduces two translational steps 
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with loss of information and chances for mistakes. Furthermore, these coding systems 
are not always suited for specific diagnoses, i.e. cutaneous lupus erythematosus is often 
coded as “inflammatory dermatosis”, which covers several other diseases as well. We 
compared the outcome of the 100 manually reviewed patients with the recorded DBC 
code. For SLE, this resulted in similar percentages of sensitivity and specificity, however 
for most other diseases, the DBC coding was often inaccurate or incomplete in cases of 
overlapping diagnoses. For example, a DBC that could be related to the diagnosis APS 
was only recorded in three out of the eleven patients in the 100 reviewed patients. 

To our knowledge, only one other study investigated assessment of symptoms by text 
mining in SLE. This study by Gianfrancesco et al. study focused solely on lupus nephri-
tis.19 Our study shows that patient characterization and assessment of a wide range of 
symptoms is also possible with the use of text mining in a heterogeneous disease like 
SLE. The sensitivity of our algorithm varied for different symptoms, which implies that the 
key words used for some symptoms could be improved. However, sensitivity for possible 
life-threatening symptoms was good, possibly due to more frequent repetition in the 
medical history in the EHR. Our algorithm performed slightly better than a text mining 
algorithm used by Gianfrancesco et al. (sensitivity 79%, specificity 86%) to detect lupus 
nephritis in the EHR.20 It should be noted that the gold standard used to compare with 
a text mining algorithm, manual review of EHR records, is prone to human errors. For ex-
ample, in several cases where there were discrepancies between the outcome produced 
by the algorithm and manual review, further investigation revealed that a symptom was 
overlooked by manual review and the algorithm was correct. Yet, for this article only the 
initial assessment by the clinical immunologist was used for analysis.

Due to the low prevalence of certain symptoms, we were not able to adequately test the 
performance of the algorithm for these symptoms, which therefore were excluded from 
analysis. We were also not able to reliably assess some clinical features that usually are 
recorded only once in the physician’s notes. Smoking status, family history and use of 
alcohol and drugs is usually only extensively discussed and recorded during the first visit 
of the patient to the physician. Because this is only mentioned in one visit, this results in 
low levels of confidence and also requires that the first visit of the patient is included in 
the data supplied to the text mining program. Improvements in identifying smokers with 
the use of text mining recently have been made in our hospital, although this method is 
not yet included in this study.21 

With increasingly smart and flexible text mining programs being developed, we predict 
that the use of clinical data from the EHR in clinical research and quality control will 
increase in the future. In computer science, the phrase “garbage in, garbage out” is of-
ten used to indicate the necessity of quality input data to produce a quality outcome. 
Although administration is often seen as a burden by healthcare professionals, their role 
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in this process is vital. Researchers and healthcare professionals should work together to 
find a way for recording accurate data that are reusable in research, while limiting the 
associated burden of administration on healthcare professionals.22 

Text mining algorithms have great flexibility and adaptability, allowing the use in differ-
ent research projects. Although the text mining algorithm presented in this study is a 
relatively simple and transparent rule-based algorithm and can still be improved upon, it 
can relatively easily be adapted to better suit research questions from other cohort stud-
ies, in contrast to machine learning algorithms. Further research is needed to evaluate the 
portability of our algorithm to other hospitals, as this would, for example, pave the way 
for a national registry for rare diseases, using routinely collected clinical data. Moreover, 
we plan to investigate whether the performance of the algorithm can be improved when 
our method is combined with machine learning methods using more than only free text 
data, similar to those used in previous studies.15–17 

There are several hurdles to be overcome before an algorithm like this can be imple-
mented on a large scale. It is likely that the algorithm would have to be amended for 
use in hospitals using another EHR-program, since the structure of the necessary data 
might be different, which would likely also influence the level of confidence used for 
cut-off. Furthermore, our algorithm was developed in a Dutch-speaking environment, 
language-specific adaptations are required for implementation in other countries. 

Our study presents a method to assess the diagnosis and clinical manifestations of pa-
tients with SLE recorded in the EHR for large groups of patients with great accuracy. Our 
algorithm can both be used for patient identification and characterization of patients 
with SLE. Our study demonstrates that text mining can be used for performing large scale 
research and quality control with clinical data from the EHR in heterogeneous diseases 
such as SLE. 
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SUPPLEMENTARY TABLES

Supplementary Table S1a
Diagnoses

Antiphospholipid syndrome (APS)

Cutaneous lupus erythematosus (CLE)

Giant cell arteritis (GCA)

Granulomatosis with polyangiitis (GPA)

Idiopathic inflammatory myopathy (IIM)

Juvenile idiopathic arthritis (JIA)

Lupus like disease (LLD, also known as incomplete SLE)

Mixed connective tissue disease (MCTD)

Polymyalgia rheumatica (PMR)

(primary) Sjogren’s syndrome (pSS)

Rheumatoid arthritis (RA)

Systemic sclerosis (SSc)

Undifferentiated connective tissue disease (UCTD)

Systemic lupus erythematosus (SLE)

Supplementary Table S1a
Symptoms

Alopecia

Arthritis

Arthralgia

Cranial Nerve Disorder

CVA

Digital ulceration

Fatigue

Mucosal ulcers

Myositis

Nephritis

Rash

Pericarditis

Pleuritis

Psychosis

Raynaud

Seizure

Vasculitis

Visual Disturbance

Supplementary Tables S1a & S1b: Complete list for diagnoses (a) and symptoms (b) of interest. 

List of 14 diagnoses and 18 symptoms for which key words were formulated. CVA: Cerebrovascular accident.
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Supplementary Table S2: 

Number of assigned diagnoses at the first record of all patients.

Disease Number

APS 124

CLE 143

GCA 6

GPA 7

IIM 31

JIA 22

LLD 57

MCTD 41

PMR 19

pSS 80

RA 68

SLE 484

SSc 30

UCTD 11

No diagnosis 1202
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ABSTRACT

Objective 
Many autoantibodies are known to be associated with SLE, although their role in clinical 
practice is limited because of low sensitivity and weak associations with clinical manifes-
tations. There has been great interest in the discovery of new autoantibodies to use in 
clinical practice. In this study, we investigated 57 new and known antibodies and their 
potential for diagnostics or risk stratification.

Methods 
Between 2014 and 2017, residual sera of all anti-dsDNA tests in the UMC Utrecht were 
stored in a biobank. This included sera of patients with SLE, patients with a diagnosis of 
another immune mediated inflammatory disease (IMID), patients with low (non-IMID) 
or medium levels of clinical suspicion of SLE but no IMID diagnosis (Rest), and self-re-
ported healthy blood bank donors (BBD). Diagnosis and (presence of ) symptoms at 
each blood draw were retrospectively assessed in the patient records with the Utrecht 
Patient-Oriented Database (UPOD) using a newly developed text mining algorithm. Sera 
of patients were analyzed for the presence of 57 autoantibodies with a custom-made 
immunofluorescent microarray. Signal intensity cut-offs for all antigens on the microarray 
were set to the 95th percentile of the non-IMID control group. Differences in prevalence of 
autoantibodies between patients with SLE and control groups were assessed.

Results 
Autoantibody profiles of 483 patients with SLE were compared with autoantibody profiles 
of 1397 patients from 4 different control groups. Anti-dsDNA was the most distinguishing 
feature between patients with SLE and other patients, followed by antibodies against 
Cytosine-phosphate-Guanine (anti-CpG) DNA motifs (p<0.0001). Antibodies against CMV 
(cytomegalovirus) and ASCA (anti-Saccharomyces cerevisiae antibodies) were more preva-
lent in SLE patients with (a history of ) lupus nephritis than SLE patients without nephritis. 

Conclusion 
Antibodies against CpG DNA motifs are prevalent in patients with SLE. Anti-CMV antibod-
ies are associated with lupus nephritis. 
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INTRODUCTION

Systemic lupus erythematosus (SLE) is a systemic immune mediated inflammatory dis-
ease (IMID) with a wide variety of associated symptoms and immunological manifesta-
tions.1,2 This heterogeneity in symptoms and lack of diagnostic criteria  make SLE difficult 
to diagnose as there is no single laboratory test that can reliably confirm or exclude its 
presence. 

Autoantibodies are a common immunological feature in patients with SLE and are known 
to be involved in its pathogenesis. Autoantibodies can bind antigen, so to form immune 
complexes, which can deposit in the skin or small vessels of the kidney and together with 
complement factors can cause inflammation.3 Historically, autoantibodies have always 
been a component of classification criteria for SLE, although not necessarily required 
for classification. 4,5 However, in the new EULAR/ACR classification criteria, antinuclear 
antibodies (ANAs) are now required to be present in order to classify a patient as having 
SLE.1 Out of all ANAs, autoantibodies against double-stranded DNA (anti-dsDNA) have 
the strongest association with SLE and are present in up to 75% of all patients with SLE.6 
In clinical practice, suspicion of SLE is the only reason for testing for anti-dsDNA antibod-
ies, as tests for anti-dsDNA antibodies are known to have a high diagnostic specificity for 
SLE, although sensitivity varies.7 Other common SLE-associated autoantibodies include 
antibodies against phospholipids (anti-cardiolipin, anti-beta2GP1), anti-Smith (anti-Sm), 
anti-C1q and anti-Ro/La antibodies. Some of these autoantibodies have also been report-
ed to be associated with organ specific manifestations, for example anti-C1q with renal 
involvement.8 

Although many different autoantibodies have been investigated in SLE, only a limited 
number of autoantibodies are being used in clinical practice. Due to these limitations, 
there has been great interest in the discovery of new autoantibodies that can be used 
in clinical practice. In this study, we used a new microarray containing 57 autoantigens, 
some of which have never been explored in large cohorts, to analyze over 1500 serum 
samples of patients who were suspected of having SLE to explore their potential role in 
the diagnostic process and their association with symptoms of SLE. 

PATIENTS AND METHODS

Patients
This study was performed in the University Medical Center Utrecht (UMC Utrecht), a 
tertiary care university hospital in the Netherlands. Between 2014 and 2017, residual 
material of all blood samples that were tested for the presence of anti-dsDNA in the UMC 
Utrecht were collected in a biobank and stored at -80°C. Additional serum samples from 
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self-reported healthy blood bank donors (BBD) were provided by Thermo Fisher Scientific. 
The requirement for informed consent was waived by the biobank committee of the UMC 
Utrecht. This study was conducted in accordance with the Helsinki Declaration of 1975 as 
revised in 2014 and approved by the biobank committee of the UMC Utrecht. 

Clinical data
Clinical data of all patients from whom these samples were collected, were retrospec-
tively gathered from the electronic health records (EHR) to assess the diagnosis and 
symptoms at the time each sample was taken. Since blood draw does not always happen 
on the same day as the visit to the clinician, all available data from the EHR up to 14 days 
after blood draw date were evaluated. All collected data were pseudonymized for privacy 
reasons. 

Clinical data were extracted from the EHR through the Utrecht Patient Oriented Database 
(UPOD). UPOD is an infrastructure of relational databases comprising logistic and medical 
data for all patients treated at the UMC Utrecht since 2004.9 A text mining algorithm was 
designed to extract the diagnosis and symptoms of patients automatically from the data 
of the EHR. To this end, the algorithm evaluated all physician’s notes and letters of physi-
cians to other physicians. Text mining has several advantages over manual extraction, it 
has excellent traceability and reproducibility, and is very well suited for large populations 
and more flexible than manual extraction as additional research questions can be formu-
lated. 

Details of the text mining algorithm used in this study have been described in detail.10 In 
short, the text mining algorithm searches for pre-defined key words indicating the pres-
ence of a certain diagnosis or symptom in the written documents. Multiple diagnoses 
could be assigned to a single patient at the same time. Patients who did not get assigned 
any of these diagnoses, were recorded as a “non-diagnosis” group. The diagnoses as-
signed by the text mining algorithm do not necessarily comply with classification criteria 
for SLE and other IMIDs, since these are mainly used to define a homogenous population 
for research. Although most patients with a clinical diagnosis fulfil these criteria, in some 
cases classification criteria can be too restrictive for clinical practice. In this study, we 
assessed the clinical diagnoses in the EHR, rather than defining all patients according 
to classification criteria. It is noteworthy that, due to the working mechanism of the text 
mining algorithm, the recorded symptoms should be interpreted as having ever been 
present, rather than present at the moment of sample collection. 

Patient groups
To assess the diagnostic value of the autoantibodies, we compared the presence of the 
autoantibodies in patients with SLE with four different control groups: In the first group, 
we included patients with a clinical diagnosis of an IMID other than SLE, as recorded by 
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the treating physician in the EHR. This group was named the IMID control group. Patients 
without an IMID diagnosis recorded in the EHR, were split into two different groups: in 
the second group, we selected patients most closely resembling healthy patients in our 
cohort as a primary control group, called the “non-IMID” control group. These patients 
were seen at the outpatient clinic for manifestations associated with SLE, but were conse-
quently not diagnosed with SLE or another IMID. Patients with either arthritis, nephritis or 
pleuritis, or 2 or more SLE-related symptoms were excluded from this group and recorded 
as the third group, called “Rest”. These patients had more symptoms associated with and 
were clinically more suspect of having an IMID, although not enough for the physician 
to diagnose them as such. It should be noted that all patients included in the biobank 
had visited the outpatient clinic, which indicates that these patients are not true healthy 
controls. However, these patients resemble the non-disease population in clinical prac-
tice the most. In the fourth group, we included serum samples from self-reported healthy 
blood bank donors (BBD), supplied by Thermo Fisher Scientific. 

The outcome of the text mining algorithm was evaluated to select samples for further 
serological evaluation. Due to the large number of patients in the non-diagnosis group, 
a proportion of these samples was randomly selected for further serological evaluation. 
All available samples from patients with a diagnosis recorded by the algorithm were 
included for serological evaluation. If patients had multiple serum samples stored in the 
biobank, the first and last sample were analysed for the presence of autoantibodies. 

Serological data
A custom-made chip-based microarray, (Thermo Fisher Scientific, Uppsala Sweden) was 
used to analyse the serum samples for the presence of 57 IgG autoantibodies. The mi-
croarray contained 9 control spots for calibration. Each antigen on the microarray was 
deposited in triplicate. An overview of the antigens included in this study is presented 
in supplementary Table 1. These antigens were selected by literature research prior to 
this study and by expert opinion. The antigens used in the microarray are all commer-
cially available or in-house antigens supplied by Thermo Fisher Scientific. The correlation 
between the antigens on the microarray and their commercially available counterparts 
was assessed previous to this study and was found to be generally high (Spearman’s cor-
relation coefficients 0.58-0.88). Reproducibility of the microarray was studied extensively 
during development. An analysis of 72 slides, including all printed markers except guide 
spots, resulted in an overall coefficient of variance of approximately 5%. A full description 
of the microarray technology has been published previously.11

All selected samples were thawed prior to analysis. These samples were diluted 1:40 in 
dilution buffer, after which 30 µl was added to the reaction wells of the microarray. Sam-
ples were incubated for 2 hours at room temperature in a humidity chamber, after which 
the slides were washed and 30 µl of polyclonal Fluorescence DyLight550 labeled rabbit 
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F(ab')2-anti-human IgG was added to the reaction sites. After 30 minutes of incubating, 
the slides were washed again and the fluorescence intensity was measured by a Tecan 
LS Reloaded™ laser scanner. Each assay contained 96 samples and 12 control samples. 
Fluorescence intensities of all individual spots, as well as lock background intensity, were 
recorded and processed with the GenePix® Pro Microarray Analysis software. This soft-
ware evaluates the homogeneity within individual spots and between spots coated with 
the same antigen following pre-established quality criteria. All samples were processed 
by the same scanner and handled by the same laboratory technician.

Statistical analysis
The first available sample of each patient was used to compare the prevalence of autoan-
tibodies between groups. Cut-offs of levels of immunofluorescent intensity to determine 
positive and negative results for all antigens on the microarray chips were set to the 95th 
percentile of the non-IMID controls. This cut-off was chosen, rather than a cut-off using 
the 95th percentile of the BBD patients, because the methods of sample collection and 
storage for the non-IMID group were identical to the rest of the cohort, but slightly dif-
ferent for the BBD, and because the non-IMID patients better represent the non-diseased 
patients seen in the hospital than the BBD. Categorical analysis was performed with the 
Chi-square test. Correction for multiple testing was done by Bonferroni correction. Statis-
tical analysis was performed using SPSS (version 25.0.0.2).

RESULTS

Demographics
Blood samples of 2038 patients were collected in the biobank, with a total of 4607 col-
lected samples. An overview of the baseline characteristics at the time of first sample 
collection per diagnosis is presented in Table 1a. Patients with multiple diagnoses are 
represented in multiple rows. At the time of their first sample collection, a total of 1123 
diagnoses were assigned to a total of 836 patients, 484 of these patients were assigned 
the diagnosis SLE. 1202 patients were not assigned any diagnosis. The average age of the 
patients at the time the first sample was collected was 44.9 years (SD 16,9), 63.4% were fe-
male. Multiple samples were available in the biobank for 550 patients, follow-up samples 
were not included in this analysis. A mean of 5.3 samples were collected for patients with 
SLE (range 1-26), for all other patients this was a mean of 1.2 samples (range 1-14). 

In the present study, a total of 1880 serum samples were analyzed, including 483 samples 
of patients with SLE, 346 patients with another IMID, 690 patients with no diagnosis and 
361 self-reported healthy blood bank donors (Figure 1). 7 samples of patients with SLE 
or another IMID were not analyzed on the microarray: 1 sample was missing from the 
biobank; 6 samples were mistakenly not selected, because they were not assigned an 
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IMID-diagnosis during the selection of samples to analyze on the microarray, which was 
done using a pre-final iteration of the text-mining algorithm. Demographics of all groups 
are shown in Table 1b. 

Overlapping diagnoses
It is known that different IMIDs often overlap with regard to diagnosis and symptoms. 
In our cohort, 248 out of 836 (29.7%) patients were assigned more than 1 diagnosis, 
indicating that overlap of multiple diseases was common in our cohort. An overview of 
all overlapping diagnoses is presented in supplementary Table 2. 40.5% of all patients 
with SLE had overlap with at least one other diagnosis. 13.2% of all patients with SLE had 
secondary APS, whereas 4.1% had secondary Sjogren’s Syndrome. Overlap of SLE with cu-
taneous lupus erythematosus (CLE), lupus like disease (LLD, also referred to as incomplete 
lupus or iSLE), rheumatoid arthritis (RA) and mixed connective tissue disease (MCTD) was 
also recorded frequently. 

Symptoms of SLE patients
Fatigue was the most common symptom with a prevalence of 60.3%. Lupus nephritis, 
pericarditis and pleuritis were assigned to 33.3%, 12.8% and 14.0% of all SLE patients 
respectively. Psychosis was rare as a manifestation of SLE, with a prevalence of 4.2%. A 
small number of patients (2.3%) had no symptoms at the time of their first visit according 
to the text mining algorithm. An overview of all symptoms is presented in Table 2. 

Table 1a: 

Demographics per diagnosis. Patients with multiple diagnoses are included in multiple rows. Age is the 
age at the time the first sample of the patient was collected. *: Sex and age of 2 blood bank donors is 
unknown. 

Diagnosis Patients with 
diagnosis at 

sample 1

Patients with 
diagnosis in 

total follow-up

Female Mean age ± SD Number  
of samples  
in biobank

Total of all diagnosed 
patients

1123 1218 63% 44,9 ± 16,9 4607

SLE 484 510 86% 43,3 ± 14,7 2726

CLE 143 160 85% 48,5 ± 16,1 410

APS 124 143 88% 43,5 ± 12,0 479

pSS 80 91 89% 51,9 ± 15,4 168

RA 68 72 65% 44,6 ± 14,0 103

LLD 57 70 93% 41,4 ± 15,2 169

MCTD 41 43 83% 33,2 ± 16,9 91

IIM 31 31 87% 50,2 ± 21,2 42

SSc 30 31 61% 50,9 ± 13,6 34

JIA 22 22 100% 18,6 ± 5,3 33

PMR 19 19 52% 56,8 ± 18,7 21
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Table 1a: 

Demographics per diagnosis. Patients with multiple diagnoses are included in multiple rows. Age is the 
age at the time the first sample of the patient was collected. *: Sex and age of 2 blood bank donors is 
unknown. (continued)

Diagnosis Patients with 
diagnosis at 

sample 1

Patients with 
diagnosis in 

total follow-up

Female Mean age ± SD Number  
of samples  
in biobank

UCTD 11 13 91% 39,4 ± 14,5 20

GPA 7 7 57% 46,9 ± 12,5 7

GCA 6 6 33% 61,6 ± 13,0 6

No diagnosis 1202 1217 50% 45,1 ± 17,5 1324

SLE: Systemic lupus erythematosus, CLE: Cutaneous lupus erythematosus, pSS: (primary) Sjogren’s Syndrome, 
LLD: Lupus-like disease, MCTD: Mixed connective tissue disease, IIM: Idiopathic inflammatory myositis, SSc: Sys-
temic sclerosis, JIA: Juvenile idiopathic arthritis, PMR: Polymyalgia rheumatica, UCTD: Undifferentiated con-
nective tissue disease, GPA: Granulomatosis with polyangiitis, GCA: Giant cell arteritis.

Table 1b: 

Demographics per patient group. Age is the age at the time the first sample of the patient was collected. 
*: Sex and age of 2 blood bank donors is unknown. 

Group Samples (n) Female Mean age ± SD

SLE 483 86% 43,3 ± 14,7

Non-IMID 218 51% 43,9 ± 17,4

Rest 472 46% 46,0 ± 17,3

BBD 361* 50% 46,7 ± 14,1

IMID 346 78% 46,2 ± 17,6

Figure 1: Flowchart of samples analyzed on microarray per patient group. 

Overview of number of samples analyzed on microarray for all patient groups. Samples of 1 patient with 
SLE and 6 patients with a diagnosis of another IMID were not analyzed on the microarray system: 1 sample 
was missing from the biobank; 6 samples were mistakenly not selected.
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Table 2: Prevalence of features of SLE 

Prevalence of features of SLE at the time of the first sample and at the time of the latest follow-up sample. 
Symptoms were assessed by text mining, laboratory assessments are directly taken from the EHR.

Feature At sample 1 (N, (%)) At latest follow-up sample (N, (%))

Total number of patients 484 369

Symptoms

Alopecia 121 (25,0) 120 (32,5)

Arthritis 114 (23,6) 109 (29,5)

Arthralgia 157 (32,4) 160 (43,4)

Cranial Nerve Disorder 23 (4,8) 35 (9,5)

Digital ulceration 3 (0,6) 3 (0,8)

Fatigue 287 (59,3) 291 (78,9)

Mucosal ulcers 153 (31,6) 172 (46,6)

Myositis 15 (3,1) 29 (7,9)

Nephritis 161 (33,3) 190 (51,4)

New Rash 144 (29,8) 170 (46,1)

Pericarditis 62 (12,8) 64 (17,3)

Pleurisy 68 (14,0) 75 (20,3)

Psychosis 20 (4,1) 28 (7,6)

Raynaud 161 (33,3) 157 (42,5)

Seizure 38 (7,9) 45 (12,2)

Vasculitis 66 (13,6) 82 (22,2)

Visual Disturbance 3 (0,6) 8 (2,2)

Laboratory features

ANA 86 (59,2)* 18 (58,1)#

dsDNA 170 (35,1) 141 (38,2)

Haematuria 77 (15,9) 65 (17,6)

Hemolytic anemia 4 (0,8) 7 (1,9)

Leukopenia 17 (3,5) 12 (3,3)

Low Complement 145 (30,0) 128 (34,7)

Proteinuria 14 (2,9) 9 (2,4)

Pyuria 179 (37,0) 150 (40,7)

Thrombocytopenia 19 (3,9) 7 (1,9)

Urinary casts 7 (1,4) 1 (0,3)

No features 3 (0,6) 0 (0)

ANA: Anti-nuclear antibodies; dsDNA: anti-double-stranded antibodies. *: For the first sample, 147 ANA 
tests were performed, 87 were positive or strong positive, 41 weak positive and 19 negative. #: For the 
follow-up samples, 31 ANA tests were performed, 18 were positive or strong positive, 10 weak positive 
and 3 negative.
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Analysis of autoantibodies
Measurements of anti-dsDNA antibodies from the regular laboratory measurement and 
the microarray correlated moderately (Spearman’s ρ 0,578). Using the cut-offs as defined 
in the methods, the prevalence of multiple autoantibodies was significantly higher 
in patients with SLE, compared to non-IMID controls (Table 3, see suppl. file 3 for ROC 
curves and AUC values). Antibodies against dsDNA were the most common antibody 
found in patient with SLE, with a prevalence of 41.2%, followed by antibodies against 
single-stranded Cytosine-phosphate-Guanine (CpG) oligodinucleotides (CpG ODN 2216), 
with a prevalence of 40.2%. Antibodies against dsDNA and CpG were also the most dis-
tinguishing feature between patients with SLE and the rest group, the BBD and all other 
patients with another IMID (Figure 2). Antibodies against dsDNA and CpG correlated 
moderately (Spearman’s ρ 0,749, Figure 3). Of all patients, 7.4% was positive for anti-CpG 
antibodies and negative for anti-dsDNA antibodies. In patients with SLE, 8.9% of patients 
was positive for anti-CpG antibodies and negative for anti-dsDNA antibodies. 15.1% of 
SLE patients negative for anti-dsDNA were positive for anti-CpG antibodies, as well as 
12.7% of SLE patient with no anti-dsDNA and/or lowered complement factors (suppl. file 
3).

Prevalence of most autoantibodies was similar in the non-IMID and BBD control groups, 
although the autoantibodies anti-Ro52/60 and anti-La were more prevalent in the 
non-IMID group and (nearly) absent in the BBD group (Table 3). These differences suggest 
that patients who come to the outpatient clinic have a different serological profile than 
healthy blood donors, even without the patient being labelled as having a specific diag-
nosis. Prevalence of the antibodies most prevalent in patients with SLE, such as antibod-
ies against RipP1, SmBB and histones, was slightly higher in the rest-group compared to 
the non-IMID group. This indicates that, although these patients are not diagnosed with 
an IMID, they do not only display more SLE-related symptoms than the non-IMID group, 
but their serological profile is also a little bit closer to that of SLE patients. The overall 
prevalence of autoantibodies in patients with other IMIDs than SLE is markedly higher 
than the prevalence in the non-IMID group, although many autoantibodies known to be 
associated with SLE are still significantly more prevalent in patients with SLE (Table 3). 

Associations with nephritis
Antibodies against CpG, SmBB, Histones, Nucleosomes, Mi2, CMV (cytomegalovirus) and 
ASCA (anti-Saccharomyces cerevisiae antibody) were more prevalent in SLE patients with 
nephritis compared to patients without nephritis, although only differences in antibodies 
against CMV (31.7% vs 17.8%) and ASCA (8.1% vs 1.6%) remained significant after Bonfer-
roni correction for multiple testing. 



55

Microarray testing in patients with Systemic Lupus Erythematosus  
identifies a high prevalence of CpG DNA-binding antibodies

C
h

a
p

te
r 

3

Figure 2: Levels of immunofluorescent intensity. 

The 5-95th percentile of immunofluorescent intensity is presented for (a) anti-dsDNA, (b) anti-CpG, (c) an-
ti-Ro60 antibodies for patients with SLE (n=483), non-IMID controls (n=218), the “rest”-group (n=472), 
blood bank donors (n=361) and patients with other AID (n=346). The 5-95th percentile of immunofluo-
rescent intensity is presented for (d) anti-dsDNA, (e) anti-ASCA, (f ) anti-CMV antibodies for SLE-patients 
with and without nephritis. The dotted lines represent the cut-off between negative and positive results. 

*: p<0,001, #: p=0,001, ns = not significant. Prevalence of autoantibodies in the respective groups vs SLE, 
based on cut-offs (2A-2C). For comparisons between other groups, see suppl. file 3.

Figure 3: Correlation of anti-dsDNA and anti-CpG antibodies. 

Scatterplot of anti-dsDNA and anti-CpG antibodies in all patients, immunofluorescent intensity measured 
using the microarray. Spearman’s ρ 0,749. The dotted lines represent the cut-off between negative and 
positive results.
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DISCUSSION

Our study focused on exploring the potential role of a number of autoantibodies, both 
well-known and lesser-known, in the diagnostic process and their associations with 
symptoms of SLE. We evaluated serum samples from more than 1500 patients for the 
presence of 57 autoantigens using a new microarray. We show a moderate association 
of anti-CMV and anti-ASCA antibodies with lupus nephritis and identified antibodies 
against CpG DNA motifs to be strongly associated with SLE. 

In this study, we show that auto-antibodies against CpG were highly discriminatory 
between patients with SLE and non-IMID controls and patients with other IMIDs. As an 
individual marker, the diagnostic potential of anti-CpG antibodies for SLE appears to be 
better than most other autoantibodies currently used in clinical practice, only secondary 
to anti-dsDNA. Furthermore, although this difference is not significant after Bonferroni 
correction, we show an increased prevalence of anti-CpG antibodies in SLE patients with 
nephritis, compared to patients without nephritis, potentially further increasing their 
diagnostic applicability (Table 3). CpG motifs are unmethylated cytosine-phosphate-gua-
nine oligodinucleotides, DNA patterns that are 20 times more prevalent in bacterial DNA 
than in mammalian DNA. CpG is recognized by the innate immune system as a pathogen 
associated molecular pattern (PAMP) and can induce an interferon response by stimulat-
ing intracellular toll-like receptor 9 (TLR9).12,13 In patients with SLE, an interferon signature 
is seen in 60-80% of patients, as well as an increase in the number of neutrophil extracel-
lular traps (NETs), which both can be induced by stimulation of TLR9.14–16 Mitochondrial 
DNA (mtDNA) is known to contain relatively high amounts of CpG motifs, compared to 
nuclear DNA, likely due to the bacterial evolutionary origin of the organelle.17,18 mtDNA 
is also expelled from the cell in the process of NETosis, possibly providing a source of 
antigen for anti-CpG antibodies.19 Recently Becker et al. suggested that the Farr assay 
commonly used for detection of dsDNA also detects antibodies against CpG-rich mtDNA. 
Furthermore, they speculate about the existence of antibodies preferentially binding 
to mtDNA rather than genomic DNA.20 Our results suggest that antibodies against CpG 
motifs might fill this role. 

Antibodies specific against CpG have only been described in one human study in which 
patients were injected with CpG as standalone treatment or as adjuvant for NY-ESO-1-
specific cancer vaccines. 21 out of 37 patients developed antibodies against CpG, no 
correlations with anti-dsDNA, antinuclear antibodies, or autoimmune manifestations 
were seen.21 Previous studies have described that some anti-dsDNA antibodies preferen-
tially bind to CpG-containing dsDNA and that immune complexes of DNA and anti-DNA 
antibodies are relatively rich of immunostimulatory CpG motifs, but did not describe 
specific anti-CpG antibodies.22,23 As our study was not designed to determine the exact 
specificities of antibodies, we cannot rule out that the results for anti-CpG antibodies in 
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our study can at least partially be explained by cross-reactivity of anti-dsDNA antibodies 
with the CpG motifs on the microarray. In our study, we do find a correlation between 
anti-CpG and anti-dsDNA antibodies, however the CpG antigen used in this study was 
single-stranded DNA, making cross-reactivity of anti-dsDNA antibodies less likely. Fur-
thermore, we show that anti-CpG antibodies are present in 15.1% of SLE patients who do 
not have anti-dsDNA antibodies, indicating potential additional value in the diagnostic 
process of SLE. 

Our study also shows that IgG anti-CMV antibodies are more prevalent in patients with 
SLE (22.4%), particularly in patients who have experienced lupus nephritis (31.7%). CMV 
is a known cause of opportunistic infections in patients with SLE who are being treated 
with immunosuppressive medication, and an etiological role of CMV in the onset of SLE 
has been suggested.24 Zhan et al. showed that 5.3% of patients with lupus nephritis had 
a CMV infection or reactivation, measured by CMV pp65 antigenemia, during hospital-
ization.25 Furthermore, Su et al. showed that almost all SLE patients have IgG anti-CMV 
antibodies, but that patients who were also positive for IgM anti-CMV antibodies had the 
highest titers of anti-CMV IgG and had higher SLEDAI scores.26 Unfortunately, in our study 
we only have data of IgG anti-CMV antibodies, making it impossible to distinguish active 
from past infection, but this finding contributes to the expanding evidence of the relation 
between CMV and SLE. 

We also found significant differences in the prevalence of ASCA antibodies in patients 
with and with lupus nephritis, although the prevalence of these autoantibodies is prob-
ably too low to be of clinical relevance. Although ASCA antibodies are most commonly 
associated with Crohn’s disease, they have also been found in serum of SLE patients. 
Interestingly, we did not find associations between anti-dsDNA or anti-C1q and nephritis, 
which have previously been described in literature.27,28 We speculate that this might be 
because the lupus nephritis patients in our cohort often do not necessarily have active 
lupus nephritis, but rather a history of lupus nephritis, and these antibodies are most 
strongly associated with active nephritis.

Our study is unique in the number of patients with SLE included and in the use of multi-
ple relevant control groups. Whereas most studies investigate differences in biomarkers 
between diseased and healthy controls, our study contains healthy controls as well as all 
3 groups of patients visiting the outpatient clinic: patients with SLE, patients with another 
IMID and patients with signs and symptoms, but who cannot be diagnosed with a cir-
cumscriptive diagnosis. Although these patients do not receive a diagnosis, we show that 
there are clear differences in their serological profile compared to healthy blood donors, 
most clearly exemplified by the differences in presence of anti-Ro and anti-La antibodies. 
We argue that in studies investigating the diagnostic characteristics of autoantibodies, it 
would be most helpful to compare patients with SLE with patients who visit the outpa-
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tient clinic but do not receive a diagnosis, rather than from healthy controls, because this 
will provide more insight into the clinical relevancy.

Our study has several strengths: We used a dedicated custom microarray system to 
study the presence of autoantibodies in a large cohort of patients with SLE, which we 
compared with multiple relevant control groups. All autoantibodies included on this 
microarray system have been reported to be present in serum of patients with SLE in 
one or more studies (see supplementary Table 1). Furthermore, intra- and inter-observer 
variability are known to occur in review of medical records in patients with SLE.29 In our 
study, we removed this variability by assessing all relevant information in an automatized 
and therefore uniform manner. 

Our study also has some limitations: Although we previously showed that the text mining 
algorithm performs well in recognizing patients with SLE, the text mining algorithm is 
not infallible, resulting in misclassification of a small number of patients. However, our 
text mining algorithm performs very well with a very high sensitivity and specificity in de-
tecting patients with SLE (>90%), which should be adequate in a large cohort like this.10 
Ideally, the results of this study should be validated in patients meeting the classification 
criteria for SLE, rather than patients with a clinical diagnosis of SLE. Our study did not in-
clude the use of immunosuppressive medication in the analysis, although some types of 
medication, such as belimumab and rituximab, are known to be able to influence levels 
of autoantibodies. Since patients with SLE, particularly with severe symptoms, are more 
likely to receive these types of medication, this could introduce a bias, resulting in a lower 
prevalence of autoantibodies in this group.

In conclusion, autoantibodies against CpG were shown to be strongly associated with SLE 
and can possibly help physicians in diagnosing SLE whenever a patient does not have an-
ti-dsDNA antibodies. Our study presents insight into correlations of autoantibodies and 
symptoms of SLE, which in the future might be used in patient stratification. Our finding 
of a high prevalence of anti-CpG antibodies raises questions about their potential role in 
pathophysiology. Cross-reactivity of anti-CpG and anti-dsDNA antibodies, the preferred 
source of anti-CpG DNA, as well as the relation of anti-CpG antibodies with NETosis and 
CpG-rich mitochondrial DNA should be investigated. Further research into anti-CpG 
autoantibodies can possibly provide new insights into the complex pathophysiology of 
this disease, leading to advances towards a reliable risk stratification and new treatment 
strategies. 
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Microarray testing in patients with Systemic Lupus Erythematosus  
identifies a high prevalence of CpG DNA-binding antibodies
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ABSTRACT

Objective
Reliable early ascertainment in patients with SLE is important to prevent the accu-
mulation of irreversible organ damage. Autoantibodies are often present in the serum 
of patients before the first symptoms arise, therefore they are of potential use as early 
diagnostic tools.

Methods
We used a custom-made antibody microarray containing 57 autoantigens to analyse 
serum samples of 1519 patients previously tested for anti-dsDNA and 361 samples of 
self-reported healthy blood bank donors (BBD). The 1519 patients included 483 patients 
with SLE, 346 patients with other immune mediated inflammatory diseases (IMID), 218 
patient controls without relevant clinical symptoms (Non-IMID), and 472 patients that 
did not fit in any of the previous groups (Rest). The Non-IMID and BBD groups were used 
individually to create multivariable prediction models to distinguish samples of patients 
with SLE from these control groups. We subsequently used these models to predict the 
outcome for samples of patients who developed SLE while in follow-up (pre-SLE).

Results
Out of 1036 patients with no diagnosis of SLE at the moment of sample collection, 17 
patients developed SLE while in follow-up (mean time to diagnosis 7.2 months). The best 
performing model (AUC 0.83) identified 9 out of 17 (53%) pre-SLE samples as SLE, with a 
specificity of 94%. 

Conclusion
Serum samples of patients who will develop SLE in the future already show a shift of the 
autoantibody profile prior to diagnosis. In this study, we show that these autoantibody 
profiles can be used to identify these future SLE patients. 
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INTRODUCTION

Systemic lupus erythematosus (SLE) is a heterogeneous immune mediated inflammatory 
disease (IMID), which can sometimes be difficult to diagnose. Prolonged activity of the 
disease can lead to accumulation of organ damage, sometimes irreversible.1 This under-
lines the importance of identification of patients in early stages of the disease, in order to 
start adequate treatment before significant organ damage occurs.2

In practice, however, the time from the first symptom to the diagnosis of SLE usually is 
multiple months to several years.3,4 This delay can sometimes be attributed to the difficul-
ty in the diagnostic process and lack of early diagnostic tools. The clinical diagnosis of SLE 
relies on the recognition of a pattern of symptoms and immunological manifestations 
by the physician, as diagnostic criteria do not exist. Classification criteria have been de-
veloped to identify relatively homogeneous groups of patients for inclusion in research 
studies, however a patient does not have to fulfill these criteria to be clinically diagnosed 
with SLE.5 Patients who are eventually diagnosed with SLE initially often present with 
non-specific symptoms, such as arthralgia, frequently resulting in the delay of the diag-
nostic process until additional symptoms arise.6,7

Diagnostic tools are mainly aimed at determining the presence of autoantibodies. Nu-
merous autoantibodies have been described to be related to SLE, although only a limited 
number of these, such as antibodies against double-stranded DNA (anti-dsDNA), have a 
place in the regular diagnostic process.5,8 Previous studies indicate autoantibodies might 
have great diagnostic potential in the early stages of SLE, as autoantibodies can precede 
the first clinical manifestations of SLE by several years, similar to anti-citrullinated protein 
antibodies (ACPA) in rheumatoid arthritis.9–11 In this study we measured the autoantibody 
profile of 1880 serum samples on a custom-made antibody microarray containing 57 
autoantigens. The acquired data was used to develop multivariable prediction models to 
identify future SLE patients.

METHODS

Patients
This study was performed in the University Medical Center Utrecht (UMC Utrecht), a 
tertiary care university hospital in the Netherlands. Residual material of all blood samples 
that were tested for the presence of anti-dsDNA in the UMC Utrecht between 2014 and 
2017 was collected in a biobank and stored at -80°C. Additionally, serum samples from 
self-reported healthy blood bank donors (BBD) were provided by Thermo Fisher Scien-
tific. This study was in accordance with the guidelines approved by the Medical Ethical 
Committee and approved by the biobank committee of the UMC Utrecht. 
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Clinical data
Clinical data were retrospectively gathered from the electronic health records (EHR) 
via the Utrecht Patient Oriented Database.12 We used a text-mining algorithm to assess 
the diagnosis and symptoms of all included patients.13 All collected data were pseu-
donymized before analysis. The text-mining algorithm was used on the data recorded in 
the EHR up to July 2018. All data up to two weeks after the date of sample collection were 
used by the algorithm to determine the diagnosis at the time of each individual sample, 
to also incorporate diagnoses made with the results of this specific test.

Patient groups
The first available serum samples of 1519 patients were included in this study. This in-
cluded patients with a diagnosis of SLE, patients with another IMID and patients without 
an IMID at the moment the sample was collected. The group of patients with an IMID 
other than SLE included patients with a diagnosis of (at least) one of the following dis-
eases: antiphospholipid syndrome (APS), cutaneous lupus erythematosus (CLE), giant cell 
arteritis (GCA), juvenile idiopathic arthritis (JIA), lupus like disease (LLD, also known as 
“incomplete lupus or iSLE”), mixed connective tissue disease (MCTD), polymyositis (PM), 
dermatomyositis (DM), polymyalgia rheumatica (PMR), Sjögren’s syndrome (SS), rheuma-
toid arthritis (RA), systemic sclerosis (SSc) and undifferentiated connective tissue disease 
(UCTD). Patients with SLE as well as another overlapping diagnosis were included in the 
SLE group. It is noteworthy that the text mining algorithm assessed the clinical diagnosis 
recorded by the physician in the EHR, therefore patients with a diagnosis assigned by the 
text mining algorithm do not necessarily meet the corresponding classification criteria. 

In order to create a control group with low clinical suspicion of SLE to function as a 
negative control group for the development of classification models, we split the group 
of patients without an IMID diagnosis into two groups: Patients with no more than two 
symptoms and no arthritis, nephritis or pleuritis were classified as the Non-IMID group, all 
other patients were classified as the Rest group. Additionally, the BBD were regarded as a 
separate group. 

Pre-SLE patients
To identify samples of SLE patients obtained before the diagnosis of SLE was made (pre-
SLE), three different strategies were used: First, if patients had multiple samples included 
in the biobank and only received the diagnosis of SLE in later samples, the first available 
sample of this patient was recorded as pre-SLE. Second, the text mining algorithm was 
adapted to also include the clinical data from the electronic health records for up to 2 
years after the last sampling date, to assess whether a diagnosis had been made in this 
period. Third, treating physicians were asked if they could identify patients who had been 
in their care for a longer period of time but only later on received the diagnosis of SLE. 
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The EHR of all patients identified by these methods were manually reviewed to verify that 
these samples were obtained before the clinical diagnosis of SLE was made. 

Serological data
We used the first available sample of all included patients to evaluate the serological 
profile of the patients cross-sectionally. We tested serum samples for the presence of 57 
IgG autoantibodies, using a custom-made chip-based antigen microarray (Thermo Fisher 
Scientific, Uppsala Sweden).  A list of all included autoantibodies is included in supple-
mentary file 1. All antigens were coated in triplicate on the microarray. The presence of 
autoantibodies was measured with immunofluorescence after 2 hours of incubation with 
the blood sample. The correlations between the antigens on the microarray and their 
commercially available counterparts were assessed previous to this study and were found 
to be generally high (Spearman’s correlation coefficients 0.58-0.88). Reproducibility of the 
microarray was also studied during development, an analysis of 72 slides including all 
printed markers except guide spots resulted in an overall coefficient of variance of ap-
proximately 5%. A detailed description of the methods used for this analysis has been 
described previously.14

STATISTICAL ANALYSIS

Visualization of data
We used Uniform Manifold Approximation and Projection (UMAP) as a method for dimen-
sion reduction to better visualize the serological data.15 Patients were labeled according 
to the patient groups as described above. 

Multivariable prediction models
Using the data from the antibody microarray, we developed prediction models to dis-
tinguish samples of patients with SLE from samples of patients of two different control 
groups; the Non-IMID group and the BBD group. All models were implemented in python 
(version 3.7.5.) using the statsmodels and scikit-learn modules.16,17

We analyzed the predictive value of the autoantibodies measured on the microarray with 
a penalized (Lasso) logistic regression model. We used Receiver Operating Characteristic 
(ROC) curves to calculate the area under the curve (AUC) to evaluate performance of 
these models. The Lasso model is a logistic regression model with an added penalization 
term (λ) which constrains the size of the estimated coefficients and performs variable 
selection.18 As the strength of penalization increases, more and more coefficients will be 
pushed to zero, resulting in a more parsimonious model. The models were compared to a 
univariable logistic regression model using only the anti-dsDNA on the microarray.
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Lasso model
We used a Box-Cox transformation to normalize the data. Although the image processing 
software of the laser scanner used to assess the levels of immunofluorescent activity of all 
autoantibodies coated on the microarray compensates for background signal intensity, 
mean and median levels of some antigen spots for all patients were markedly higher than 
spots of other antigens, even in samples that had relatively low levels of immunofluores-
cence for specific antigens, compared to other samples. To limit the influence this has on 
the logistic regression model, all values after Box-Cox transformation were transformed to 
the Z-score for each antigen. We estimated the optimal penalization strength λ through 
cross-validation (see: “Model evaluation” below). A grid search was performed for 100 
different values of λ, ranging from , i.e. the smallest value of lambda where all regres-
sion coefficients are set to 0, to 1 thousandth of .19 The λ selected for the final model 
corresponded to the value of λ for the best performing model (in terms of cross-validated 
AUC), plus one standard error, such that the final model would retain the fewest variables 
without compromising performance.20 

Model evaluation
To estimate the performance of the models, we internally validated them using 5-fold 
cross-validation, repeated 5 times. Folds were stratified such that the relative frequency 
of SLE patients was approximately equal in each fold. All preprocessing steps (Box-cox 
transformation and Z-scoring) were repeated in each fold to prevent information leakage 
between the training and testing sets.

The resulting models were re-fitted on all the available data that was used during 
cross-validation and subsequently used to classify the pre-SLE samples as either SLE or 
non-SLE. Patients from the Rest and IMID group were used as negative controls to eval-
uate specificity with ROC-curves, since these patients were not used in the creation of 
the models. We experimented with different cut-offs for the models, as the preferential 
cut-off for the model is dependent on the intended use.

RESULTS

Patients
We included serum samples of 1519 patients from the biobank, as well as 361 serum sam-
ples from heatlhy blood bank donors. At the time of sample collection, 483 patients were 
diagnosed with SLE, and 346 patients were diagnosed with another IMID. Serum samples 
from 690 patients without an IMID diagnosis were included, 218 of these patients fulfilled 
the criteria of the non-IMID control group, the remaining 472 patients were categorized 
as “Rest”. Demographics for all patient groups are shown in Table 1. 
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The antibody profile of the different patient groups was visualized by reducing the full 
57-dimensional representation to two dimensions using UMAP (Figure 1). Patients with 
SLE appear to cluster at the top of the Figure, however, this cluster cannot be separated 
from the IMID and non-IMID control groups. The BBD patients appear to cluster on the 
bottom of the Figure, suggesting that the serological profile of this group differs from 
patients with SLE or other IMIDs, as well as from undiagnosed patients that are suspected 
of having such diseases. The pre-SLE patients are spread out across the Figure and do not 
appear to cluster together.

DEVELOPMENT OF PREDICTION MODELS

Non-IMID control group
A logistic regression model using only anti-dsDNA to predict patients as either SLE 
patients or non-IMID controls resulted in an AUC of 0.80. An unpenalized multivariable 
logistic regression model including all 57 parameters resulted in an AUC of 0.83. The Lasso 
model resulted in a maximum AUC of 0.84, with 42 antibodies included. The AUC of the 
final model using a higher value for λ (within 1 standard error of the λ for the maximum 
AUC) changed only maginally (AUC = 0.83, Figure 2a). This model retained 29 non-zero 
coefficients. Antibodies against dsDNA, SmBB’, Histones, CpG, and Ro60 were most 
strongly associated with increased odds of having SLE, the strongest negative association 
was with anti-GBM (anti-glomerular basement membrane) (suppl. Figure 1a). 

Table 1: Baseline characteristics 

Baseline characteristics of all included patient groups. The Pre-SLE samples are recorded in the IMID and 
Rest patient groups (see Table 2). 

Group Samples analyzed Female Mean age ± SD Anti-dsDNA positive Samples analyzed

SLE 483 413 (86%) 43,3 ± 14,7 170 (35%) 483

IMID 346 270 (78%) 46,2 ± 17,6 26 (8%) 346

Non-IMID 218 111 (51%) 43,9 ± 17,4 7 (3%) 218

Rest 472 248 (53%) 46,0 ± 17,3 15 (3%) 472

BBD 361 180 (50%)* 46,7 ± 14,1 X 361
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BBD control group
Using the BBDs as the control group, the logistic model using only anti-dsDNA to predict 
patients as either SLE patients or BBD controls, resulted in an AUC of 0.80. Interestingly, 
the best AUC for a single antibody was achieved using anti-Ro60 (AUC: 0.90). The maxi-
mum AUC of the Lasso model was 0.98. Similar to the model using the non-IMID control 
group, the AUC was only reduced marginally with stronger penalization (remaining 0.98, 
Figure 2b). Fifteen antibodies had non-zero coefficients in this final model. Anti-dsDNA 
and Ro60 were the strongest contributing variables for categorization of SLE in this mod-
el. Interestingly, here anti-histone antibodies were negatively associated with SLE (suppl. 
Figure 1b). 

Figure 1: Uniform Manifold Approximation and Projection (UMAP) dimension reduction

UMAP dimension reduction plot based on all 57 included autoantigens. All patient groups as well as the 
pre-SLE samples are visualized by different colors. The SLE patients appear to cluster slightly around the 
top part of the Figure and the BBD samples cluster around the bottom part of the Figure. All other patient 
groups do not appear to form clear clusters. 
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Prediction of the development of SLE
Fifty potential pre-SLE patients were identified with a follow-up of up to 6 years. Manual 
review of the EHR showed that 23 patients were not diagnosed with SLE, and ten patients 
were already diagnosed with SLE at the time of sample collection. A total of 17 pre-SLE 
samples were identified and confirmed by manual review to be collected before the diag-
nosis of SLE was made. Ten patients (59%) had no previous IMID diagnosis, seven patients 
(41%) had another IMID diagnosis before the diagnosis SLE was made. The time between 
sample date and time of diagnosis varied between 3 weeks and 33 months (mean 7.2 
months). Six patients (35%) were diagnosed with SLE within 2 months of sample collec-
tion. All of the fourteen pre-SLE patients tested for ANA (antinuclear antibodies) were 
positive or weak positive for ANA but only six patients (35%) were positive for anti-dsDNA 
in regular laboratory testing at the moment of sample collection (Table 2). In patients 
with SLE, 128 out of 147 (87%) patients tested for ANAs were positive or weak positive 
for ANA and 170 out of all 483 SLE patients (35%) were positive for anti-dsDNA at the 
moment of sample collection. It is noteworthy that this is a cross-sectional measurement 
and does not necessarily mean that these patients have never tested positive for ANA or 
anti-dsDNA.

The SLE vs non-IMID Lasso model performed best for the prediction of pre-SLE (AUC 
0.83). The model using the BBD group as controls had an AUC of 0.57. To evaluate the 
specificity of the non-IMID model, we used the samples from the “Rest” group as negative 
controls, as they were not used in the development of the model. In this analysis, ten 
patients were excluded from the Rest group, as they were identified as pre-SLE patients. 
When a relatively low cut-off was chosen (threshold score of 0.50), this model identified 
88% of future SLE patients (Table 3, Figure 3). However, although this model had a nega-
tive predictive value (NPV) of 99% this model had a positive predictive value (PPV) of only 
6%, limiting its potential clinical applicability. However, the percentage patients other 
than pre-SLE patients predicted as pre-SLE, dropped drastically when the threshold was 
increased from 0.50 to 0.84. This stricter cut-off with a threshold score of 0.84 resulted in a 
sensitivity of 53%, with a PPV of 25% and a NPV of 98%. 
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Figure 2: Receiver Operating Characteristic (ROC) curves 

Figure 2a: ROC-curve of the Lasso model for identification of SLE samples using the non-IMID patients as 
a negative control group. This model retained 29 non-zero coefficients. The area under the curve (AUC) is 
0.83 (SD 0.02). A model using only anti-dsDNA as a coefficient resulted in an AUC of 0.80 (SD 0.02). 

Figure 2b: ROC-curve of the Lasso model for identification of SLE samples using the BBD as a negative 
control group. This model retained 15 non-zero coefficients. The area under the curve (AUC) is 0.98 (SD 
0.01). A model using only anti-dsDNA as a coefficient resulted in an AUC of 0.80 (SD 0.03). 

Table 2: Baseline characteristics of the pre-SLE patients

Baseline characteristics of pre-SLE patients. Seven patients had a previous diagnosis before being diag-
nosed with SLE, 10 others did not. LLD: Lupus-like disease, APS: anti-phospholipid syndrome, CLE: Cutane-
ous lupus erythematosus, RA: Rheumatoid arthritis, pSS: (primary) Sjögren’s Syndrome.

Pre-SLE characteristics

Female 12/17 (70.5%)

Age (mean) 39.6 (range 14-67)

Time between sampling and diagnosis 7.2 months (range 1-33)

Diagnosis before SLE 2 LLD
2 APS
1 CLE
1 RA
1 pSS
10 no diagnosis

Anti-dsDNA positive 6/17 (35%)
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Table 3: Identification of future SLE patients

Number of patients per patient group predicted as pre-SLE by the non-IMID prediction model, using two 
different cut-off scores of 0.50 and 0.84. When the rest group is used as a negative control group to calcu-
late sensitivity and specificity for the pre-SLE patients (positive), this results in a sensitivity of 53% and a 
specificity of 94% for the 0.84 cut-off. 

Group (n) Positive with threshold score 0.50
N (%)

Positive with threshold score 0.84
N (%)

Pre-SLE (17) 15 (88%) 9 (53%)

IMID (346) 216 (62%) 45 (13%)

LLD (28) 20 (71%) 7 (25%)

Rest (462) 227 (47%) 27 (6%)

BBD (361) 152 (42%) 2 (1%)

Figure 3: ROC curve for identification of future SLE patients

ROC curve of the non-IMID prediction model scores for the identification of pre-SLE patients, with patients 
from the rest-group as negative controls. This model includes 17 pre-SLE patients and 462 rest group 
patients, as 10 patients from the rest group were pre-SLE patients. The dotted lines resemble two differ-
ent cut-offs, with a threshold score of 0.50 (1) and 0.84 (2) The results of these two different cut-offs are 
presented in Table 3. 
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DISCUSSION

Early identification of patients with SLE is important since prolonged disease activity due 
to inadequate treatment leads to organ damage.1 Because of their early manifestation in 
the course of the disease, tests for autoantibodies are very well suited to aid the diagnos-
tic process. In our study, we created prediction models based on the antibody profile of 
either patients with SLE, or blood bank donors or patients with a limited number of SLE 
related symptoms (non-IMID group) respectively. We subsequently showed that these 
models, when applied to a different group of (non-SLE) patients, can be used to predict 
which patients will develop SLE in the future. This finding could be used to expand the 
currently limited opportunities for early diagnostics in SLE and to identify patients at high 
risk of development of SLE in the future.

In our study, we investigated different cut-offs for the prediction of pre-SLE patients, 
ranging from a model with high sensitivity but low specificity to a model with high 
specificity but low sensitivity. The preferential cut-off for the model is dependent on the 
intended use, as the model with high sensitivity can best be used to identify patients who 
are at low risk of development of SLE (with an NPV of 99%). The major drawback of this 
strategy would be that many patients would be classified as “high-risk” patients, possibly 
remaining in follow-up despite never developing SLE. Although the model with higher 
specificity has a limited sensitivity of 53%, this could potentially be used to determine 
patients at high risk of development of SLE who would remain in follow-up, whereas 
patients at low risk could be released from care. Implementation of this strategy would 
limit the number of patients in follow-up to approximately 10% of the previous total, out 
of which approximately one in four patients without an established IMID diagnosis will 
eventually develop SLE. From a cost-effectiveness point of view, implementation of such 
a strategy would include a rise in the initial diagnostic costs, but would potentially result 
in lower long-term costs by reducing the number of patients in follow-up. Furthermore, 
the costs of the microarray could potentially be reduced. In this study we used an inves-
tigative microarray containing multiple autoantibodies which were not used in the final 
model. These could be omitted from future iterations of the microarray to make it more 
cost-effective. 

Previous studies investigating the prediction of the development of SLE are scarce. A 
recent review by Lambers et al. showed that 5-57% of patients with lupus like disease 
will eventually be diagnosed with SLE, although many patients will go into spontaneous 
remission.21 They found that the presence of anti-dsDNA, anticardiolipin antibodies, and 
hypocomplementemia were associated with progression to SLE, although not strongly 
enough to accurately predict the development of SLE. In our study, only 2 out of 28 (7.1%) 
LLD patients progressed to SLE. However, in our study 15 out of the 17 (88.2%) pre-SLE 
patients did not previously receive the diagnosis LLD, with most patients having no previ-
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ous diagnosis at all. This suggests that the detection of a unique profile of autoantibodies 
in pre-SLE patients in many cases precedes the clinical manifestations needed for the 
establishment of the diagnosis. 

The wide variety of autoantibodies reported to be associated with SLE, in combination 
with the fact that autoantibodies are an early immunological manifestation of SLE, make 
autoantibodies well suited for a multivariable approach for diagnostic purposes. Al-
though multivariable diagnostic models based on microarray data have been successful 
in different diseases, the use in the field of SLE is limited. Putterman e.a. used an antibody 
microarray with approximately 200 antigens to create multivariable models to differen-
tiate between serum samples of SLE patients and healthy controls, resulting in a model 
with a sensitivity of 94% and specificity of 75%.22 This results in a higher NPV than PPV, 
the authors, therefore, emphasize the excluding capabilities of the model, naming it the 
SLE-key® rule-out serological test. This study showed cross-sectional differences in the 
antibody profile of patients with SLE compared to healthy controls, however it did not 
assess the predictive value for patients who might develop SLE in the future. In a similar 
study, Fattal e.a. found that an SLE antibody profile is independent of disease activity or 
renal involvement.23 Similar to this study, in our study, we did not find differences in anti-
body profiles between SLE patients with or without renal involvement (data not shown). 

In our study, we used the anti-dsDNA on the microarray for comparison to the Lasso 
model, to show the added value of a multivariable approach over a single antibody 
approach. As the microarray anti-dsDNA is included in the Lasso model, and anti-dsDNA 
measured by ELISA is not, this eliminates the possibility of variability between different 
tests for this comparison. Although the non-IMID model using the anti-dsDNA ELISA had 
a slightly higher AUC (0.82) than the model using the anti-dsDNA of the microarray (0.75), 
at the recommended cut-off this would result in similar sensitivity and specificity for both 
models. 

Interestingly, we saw some clear differences in results upon using the prediction models 
using the Non-IMID control group vs. the BBD control group, as well as differences in the 
relative contribution of specific autoantibodies to each respective model. Whereas au-
toantibodies known to be strongly associated with SLE (i.e., anti-dsDNA, anti-SmBB’) were 
among the strongest contributing factors for the non-IMID model, in the BBD-model an-
ti-Ro60, and in a lesser extent anti-La, were among the top contributing variables. These 
differences can potentially be explained by some level of autoimmunity in the non-IMID 
group, although not enough to amount to an IMID diagnosis, as these are patients who 
visited the Rheumatology clinic, most likely to be evaluated for the presence of a poten-
tial autoimmune disease. There also is a possibility that differences in storage technique 
may also have influenced the results from the BBD group, as these were from another 
source than the samples of all other patients. There also is the potential for a selection 
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bias as a request to test for anti-dsDNA was the entry criterion for the patient biobank 
used in this study. 

Our study also shows that the performance of diagnostic prediction models relies heavily 
on including blood bank donors versus non-IMID patients as control groups in order to 
create and test the models. This is illustrated by the difference in AUC of the non-IMID and 
BBD prediction models (Figure 2) and in the UMAP results, in which the non-IMID patients 
are spread out between patients with IMIDs, whereas the BBDs appear to form a separate 
cluster (Figure 1). These differences between the different control groups are probably 
caused by some level of unclassified autoimmunity in the non-IMID group, resulting in 
higher levels of autoantibodies. Diagnostic models based on the comparison between 
patients with SLE and healthy controls may prove to be suboptimal in clinical practice 
because of these differences in autoantibody profiles. We argue that studies using true 
healthy controls are very well suited to evaluate serological abnormalities in patients with 
SLE, but that patients without a diagnosis from the Rheumatology clinic might be a better 
control group to select for the development of diagnostic prediction models, as this is the 
“negative” group in the clinical setting. This may also explain the slightly lower perfor-
mance from the SLE-key® rule out test in a prospective real-world setting, compared to 
the original study setting.24

The strengths of our study include the large number of included patients, including 
multiple relevant control groups, and the use of a custom-made antibody microarray 
measuring 57 autoantibodies. The model can potentially be further optimized by inclu-
sion of other autoantibodies, additional analysis of IgM autoantibodies and complement 
levels. Unfortunately, we were not able to assess the effect of immunological treatment 
on the presence of autoantibodies because of missing or incomplete medication data in 
the EHR. Our study is also limited by the relatively small number of pre-SLE patients. It is 
possible that, with longer follow-up, more patients in this study will develop SLE in the 
future and are not yet identified as pre-SLE patients.

Our study shows that patients who will develop SLE in the future already exhibit an SLE-
like antibody profile and that models based on autoantibody profiles can help identify 
patients at high risk of development of SLE in a real-life setting. Patients at high risk could 
be kept in follow-up, whereas patients at low risk might be released from care. Further 
prospective research is needed to confirm the additional diagnostic value of this anti-
body profile. 
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SUPPLEMENTARY MATERIAL

Supplementary Figure 1a Supplementary Figure 1b

Supplementary Figure 1: Feature importance of the Lasso models. 

Suppl. Figure 1a: Feature importance (the strength of the effect of the individual variable on the depend-
ent variable, standardized β) of the Lasso model for identification of SLE samples using the non-IMID 
patients as a negative control group. 

Suppl. Figure 1b: Feature importance of the Lasso model for identification of SLE samples using the BBD 
as a negative control group. 
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ABSTRACT

Introduction
Early confirmation of the diagnosis of connective tissue diseases (CTD) is important, as 
prolonged disease activity can result in irreversible organ damage. Although antinuclear 
antibodies (ANAs) have been shown to precede the diagnosis of SLE, this has not been 
investigated in large cohorts for other CTDs. In this study, we investigated whether the 
presence of antinuclear autoantibodies in undiagnosed patients suspected of having 
CTDs is predictive of development of a future CTD.

Methods
We screened the Electronic Health Records of a cohort of 1030 patients, who were tested 
for ANAs and their specificity in 2013/2014, to evaluate whether new CTD diagnoses 
had been recorded by a clinician between the original blood draw date and 2020. We 
compared the prevalence of ANAs in patients who developed a new CTD diagnosis 
during follow-up with patients with similar symptoms at baseline who did not receive a 
subsequent CTD diagnosis and with patients with an established CTD at baseline. 

Results
Sixteen out of 1030 patients had developed a new CTD in the studied time period. The 
mean time period between baseline blood draw and subsequent CTD diagnosis of these 
patients was approximately 2.3 years. Eleven out of 16 (69%) newly diagnosed patients 
had positive ANA screening tests, compared to 54% of patients with a CTD diagnosis at 
baseline (p=ns) and 30% of symptomatic undiagnosed patients (p<0.001). This resulted 
in a positive predictive value (PPV) of 7% and a negative predictive value (NPV) of 98% for 
the development of a new CTD in undiagnosed symptomatic patients. For specific ANAs 
associated with the suspected CTD, the PPV was 12%, with a NPV of 98%. 

Discussion
Progression to a CTD diagnosis is rare in undiagnosed patients. Undiagnosed patients 
with symptoms associated with a CTD who progress to a CTD more often have ANAs than 
patients with similar symptoms who do not progress to a CTD. ANA testing can be used 
to more stringently select patients who should remain in follow-up. 
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INTRODUCTION

Early confirmation of the diagnosis of connective tissue diseases (CTDs) is important to 
limit uncertainty for patients and prevent delay of the diagnosis and subsequent treat-
ment, which can result in irreversible damage caused by prolonged disease activity.1–3 
In practice however, not all patients will exhibit sufficient symptoms to be diagnosed 
with a CTD at their initial visit to the Rheumatology outpatient clinic. Some CTD-asso-
ciated symptoms, such as sicca symptoms or Raynaud’s phenomenon, are commonly 
considered to be a prelude to a CTD diagnosis, however it is currently not possible to 
predict which symptomatic patients will progress to a CTD and which patients’ symptoms 
will resolve over time.4,5 This results in many patients remaining in follow-up, despite 
never developing a CTD. Reliable identification of future patients would result in earlier 
treatment of CTD patients and limit the number of patients without CTDs remaining in 
unnecessary follow-up. 

Antinuclear antibodies (ANAs) are an important tool in the diagnostic process of many 
CTDs, as many CTDs are associated with either one individual or a combination of ANAs.6 
ANAs have been included in classification criteria of several CTDs and testing for ANAs is 
therefore often part of the routine diagnostic workup of patients suspected of having a 
CTD.7–9 Furthermore, previous studies have shown that ANAs can already be present in 
the serum of CTD patients several years before diagnosis, similar to rheumatoid factor 
and anti-cyclic citrullinated peptides antibodies in patients with rheumatoid arthritis.10–13 
For example, anti-Ro and anti-La antibodies have been shown to be present in the serum 
of patients with Sjogren’s syndrome over 10 years before diagnosis and anti-dsDNA 
antibodies have been shown in patients with SLE several years before the first clinical 
manifestations of the disease constitute.14,15 This would suggest great potential of ANA 
testing for early diagnostics and prediction of development of CTDS as well. However, 
most of these studies retrospectively analyzed serum samples of confirmed CTD patients 
without clinically relevant control groups. As ANAs are also present in approximately 
5-20% of healthy individuals, this raises the question whether these ANAs are useful in 
clinical practice as predictors of future development of CTDs.16,17

Currently, it is unclear whether positive ANA tests in patients suspected of having a CTD 
but with insufficient features to be diagnosed should be seen as pre-clinical immunolog-
ical manifestations of a future CTD or as clinically irrelevant. In this study, we investigated 
whether the presence of ANAs in undiagnosed patients with symptoms associated with 
CTDs is predictive of a future CTD diagnosis.
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METHODS

This study continues a previous study by our group, performed between April 2013 and 
May 2014 in the University Medical Center Utrecht (UMC Utrecht), in which information 
about the diagnosis and presence of ANAs of included patients, present at the time of in-
clusion, were recorded.18 We reevaluated the electronic health record (EHR) of all patients 
in this cohort to investigate whether new clinical diagnoses had been made between the 
original serum sample collection date and January 1st 2020. This study was in accordance 
with the guidelines of the Medical Ethics Committee of the UMC Utrecht. The require-
ment for collection of informed consent was waived by the Medical Ethics Committee. 

Patients
Between April 2013 and May 2014, 1030 individual patients in the UMC Utrecht were 
tested for ANAs, as requested by the treating physician. These patients included both 
patients with a confirmed CTD and undiagnosed patients suspected of having a CTD. For 
this cohort of patients, the reason for the ANA test request was recorded by a medical 
specialist after a review of the EHR.

Antinuclear antibody analysis
In the original study by our group, all collected serum samples were analyzed for the 
presence of ANAs using two different screening tests (ANA-IIF using Hep-20-10 cell lines 
(EuroImmun, Lubeck, DE) and CTD screen (Thermo Fisher Scientific, Freiburg, DE)). If 
either of the screening ANA tests was positive, the sample was subsequently analyzed to 
identify the individual antibody specificities using the Profile 3 line blot (EuroImmun) and 
CTD single analytes (Thermo Fisher Scientific). 

For this study, ANA tests performed in regular care after the 2013-2014 study had ended, 
were evaluated to investigate whether the prevalence of ANAs changes over time. These 
tests were only performed with the ANA-IIF screening test and, if positive, followed by 
analysis of specific ANAs with the Profile 3 line blot.

Evaluation of clinical diagnosis
We used a text mining algorithm to evaluate the clinical diagnosis recorded in the EHR 
at baseline for all patients, as well as the clinical diagnosis recorded in the EHR on Jan-
uary 1st 2020. The CTD diagnoses included in this study were rheumatoid arthritis (RA), 
juvenile idiopathic arthritis (JIA), systemic lupus erythematosus (SLE), (primary) Sjogren’s 
syndrome (pSS), systemic sclerosis (SSc), polymyositis or dermatomyositis (PM/DM), 
mixed connective tissue disease (MCTD) and undifferentiated connective tissue disease 
(UCTD). In all cases with discrepancies between the results from the baseline evaluation 
and follow-up evaluation, patient charts were manually reviewed to confirm presence of 



95

The Predictive Value of Antinuclear Antibodies in Patients with Suspected  
Connective Tissue Disease for the Development of Connective Tissue Diseases

C
h

a
p

te
r 

5

a new CTD diagnosis. A full description of the text mining algorithm has been published 
previously.19 

Patients were divided into four groups: Patients with an established CTD diagnosis or 
diagnosis made at the time of the baseline ANA test (Group A), patients who received a 
new CTD diagnosis during follow-up (Group B), patients with signs and symptoms sug-
gestive of a CTD at baseline, but without a CTD diagnosis during follow-up (Group C) and 
patients for whom the ANA test had been requested for a reason unlikely to be caused by 
a CTD (Group D). Patients with a diagnosis made within one month after sample collec-
tion were included into Group A, rather than Group B, because they were already in the 
diagnostic process to confirm the diagnosis. Therefore, these patients did not develop 
a new CTD to our definition, but rather got a fitting diagnosis for symptoms they were 
already experiencing. 

Statistics
Statistical analysis was performed with SPSS (IBM, version 26.0.0.1). Categorical analysis 
was performed with Chi-square test or Fisher’s exact test, whenever appropriate. 

RESULTS

A total of 1030 patients were included in this study. At baseline, the mean age of all pa-
tients was 41 years old (SD 20.9), 61.2% were female. In the original study, an established 
CTD was reported as the reason for ANA testing for 162 patients. Patient chart review per-
formed for this study showed that 49 patients, originally classified in other groups, were 
diagnosed within one month after sample collection or had previously been diagnosed 
with a CTD, although this had not been the reason for ANA testing. For this study, this 
resulted in a total of 211 patients with a CTD diagnosis at baseline. 383 patients had at 
least one sign or symptom strongly associated with a CTD, such as arthralgia or myalgia, 
sicca or skin abnormalities compatible with lupus. 228 patients had symptoms that could 
be related to a CTD but are associated with a CTD to a lesser extent, such as psychiatric 
disease, uveitis or peripheral neuropathy, resulting in low clinical suspicion. 65 patients 
had abnormal liver function tests and were tested for the presence of autoimmune hepa-
titis, and 143 patients were tested for miscellaneous reasons, such as screening for a heart 
transplantation, humoral immunodeficiency or erythema nodosum. For this study, these 
last three groups were combined in Group D. 
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Out of all patients, sixteen had developed a new CTD diagnosis between baseline and 
2020. Fourteen of these sixteen patients originally had symptoms strongly associated 
with a CTD at baseline but did not exhibit symptoms sufficient for a CTD diagnosis yet. 
One patient had been diagnosed with dermatomyositis and received an overlapping 
diagnosis of systemic sclerosis, and one patient was tested for ANAs in the original study 
because of abnormal liver function tests and was later diagnosed with rheumatoid ar-
thritis. This resulted in 210 patients in Group A (established CTD diagnosis), 16 patients 
in Group B (future CTD patients), 369 patients in Group C (suspect symptoms at baseline, 
but no future CTD diagnosis), and 435 patients in Group D (patients with low clinical 
suspicion of a CTD at baseline).

All patients in Group B were female, for patients in Group A, Group C, and Group D the 
percentage of female patients was 75%, 65% and 50% respectively (Table 1).

The reason for the ANA test at baseline and the diagnosed CTD received during follow-up 
of all patients from Group A are shown in Table 2. The mean time between the ANA test 
and diagnosis was approximately 2.3 years, ranging from 52 days up to 5.6 years.

Antinuclear antibodies 
Out of all 383 patients with signs and symptoms of a CTD at baseline, but no diagnosis 
(yet), 121 patients (32%) tested positive for ANAs at baseline. Nine of these patients de-
veloped a new CTD during follow-up (positive predictive value (PPV) = 7%). Five patients 
of this group tested negative for ANAs at baseline but developed a new CTD, resulting in 
a negative predictive value (NPV) of 98%). 

Table 1: Demographics

Demographics of all patient groups. 

Group Nummer of patients Mean age Female (%)

Group A 210 40.8 (±22.3) 75%

Group B 16 41.7 (±16.9) 100%

Group C 369 40.1 (±20.0) 65.3%

Group D 435 41.7 (±21.2) 49.7%

Total 1030 41.0 (±20.9) 61.1%
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56 (15%) out of the 383 patients with signs and symptoms of a CTD at baseline, but no 
CTD diagnosis, had specific ANAs compatible with their suspected CTD. Seven out of 
these 56 (12%) patients developed a future CTD, compared to seven (2%) of the patients 
without compatible specific ANAs (p=0.002), resulting in a PPV of 12% and a NPV of 98%. 
This shows that progression to a CTD is uncommon in patients with compatible specific 
ANAs and very rare in patients without compatible specific ANAs. 

When looking at all 4 groups, we found that 114 (54%) patients from Group A tested 
positive for ANAs with one or both screening ANA tests, in Group B, 11 patients (69%) 
tested positive for ANAs. For patients in group C and D, this were 112 (30%) and 67 (15%) 
patients respectively, showing that patients with either an established or future diagnosis 
of a CTD more often had positive results on ANA screening test, compared to the other 
patient groups (Figure 1, Table 3). 

When we excluded patients with an (eventual) diagnoses of RA and JIA from the analysis, 
as there are no specific ANAs associated with these diseases and therefore ANA testing 
is not part of the regular diagnostic process, this resulted in 80 out of 97 (83%) of pa-
tients in Group A and 10 out of 13 (77%) patients in Group B testing positive for ANAs 
with a screening test (p=ns). Seven (54%) patients from Group B also had specific ANAs 
compatible with their future diagnosis, compared to 49 (13%) of patients from Group C 
having specific ANAs and presenting symptoms associated with the same CTD (p=0.001). 
In Group A, 67 (69%) patients had specific ANAs associated with their CTD diagnosis (vs 
Group B p=ns). A full overview of what specific antibodies were found in each group can 
be found in supplementary Table 1. 

Development of autoantibodies during follow-up
A total of 434 screening ANA tests were performed for 207 patients during follow-up. 
Thirteen out of 140 patients (9%) with a negative screening ANA test (ANA IIF) at baseline 
tested positive during follow-up, including one patient with a future diagnosis of SLE. 
Three of these patients previously tested positive with the CTD screen test. Conversely, 
10 out of 67 patients (15%) with a positive screening ANA test at baseline had a negative 
screening ANA test during follow-up. 262 line blot tests for the detection of specific ANAs 
were performed for 140 patients during follow-up. Eight patients (6%) had new positive 
results for one specific autoantibody, only one of which (0.7%) had potential clinical rele-
vance (anti-SSA in a future SLE patient). 
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Figure 1: Prevalence of ANAs

Prevalence of positive ANA test results at baseline per patient group. The results of the ANA IIF and CTD 
screen tests are combined and recorded as positive when one or both tests had a positive result. The gray 
bar shows the prevalence when patients with RA or JIA were excluded from group A and B. Significant 
differences between groups are highlighted.

* = Significant difference in prevalence of ANAs between Group A and Group C (p<0.001) and between 
Group A and Group D respectively (p<0.001). 

# = Significant difference in prevalence of ANAs between Group B and Group C (p<0.001) and between 
Group B and Group D respectively (p<0.001).

N/A= not applicable

Table 2: Patients from group B

This Table shows the age, presenting symptoms, eventual diagnosis and the time between inclusion in the 
original study and diagnosis in days. 

Age Reason for baseline ANA test Diagnosis in 2020 Time between ANA tests and diagnosis (days)

22 Serositis MCTD 128

50 Raynaud SSc 322

45 Dermato/polymyositis* PM/DM and SSc 902

57 Liver function disorder RA 239

68 Sicca pSS and SSc 604

25 Cytopenia SLE 1980

38 Arthralgia/myalgia RA 610

53 Skin abnormalities
compatible with SLE

PM and CLE 52

47 Sicca SLE 362
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Table 3: Prevalence of antinuclear antibodies in all patient groups

Number and percentage of patients with positive ANA screening tests in all patient groups. Prevalence of 
ANAs in all different CTDs included in group B are shown in the bottom part of the Table. 

Patient group Patients (N) ANA positive (ANA IIF 
and/or CTD screen)

ANA IIF posi-
tive

CTD screen 
positive

Double 
positive

Group A 210 114 (54,3%) 109 (51,9%) 81 (38,6%) 76 (36,2%)

Group B 16 11 (68,8%) 11 (68,8%) 7 (43,8%) 7 (43,8%)

Group C 369 112 (30,4%) 84 (22,8%) 63 (17,1%) 35 (9,5%)

Group D 435 67 (15,4%) 56 (12,9%) 22 (5,1%) 11 (2,5%)

Group A: 210 114 (54,3%) 109 (51,9%) 81 (38,6%) 76 (36,2%)

JIA 48 15 (31,3%) 15 (31,3%) 5 (10,4%) 5 (10,4%)

MCTD 6 6 (100%) 6 (100%) 6 (100%) 6 (100%)

PM/DM 11 7 (63,6%) 6 (54,5%) 3 (27,3%) 2 (18,2%)

pSS 31 27 (87,1%) 24 (77,4%) 27 (87,1%) 24 (77,4%)

RA 65 19 (29,2%) 19 (29,2%) 4 (6,2%) 4 (6,2%)

SLE 29 26 (89,7%) 25 (86,2%) 22 (75,9%) 21 (72,4%)

SSc 19 13 (68,4%) 13 (68,4%) 13 (68,4%) 13 (68,4%)

UCTD 1 1 (100%) 1 (100%) 1 (100%) 1 (100%)

Total 210 114 (54,3%) 109 (51,9%) 81 (38,6%) 76 (36,2%)

Total excluding 
RA and JIA

97 80 (82,5%) 75 (77,3%) 72 (74,2%) 67 (69,1%)

Table 2: Patients from group B

This Table shows the age, presenting symptoms, eventual diagnosis and the time between inclusion in 
the original study and diagnosis in days.  (continued)

Age Reason for baseline ANA test Diagnosis in 2020 Time between ANA tests and diagnosis (days)

29 APS SLE and APS 1127

68 Sicca pSS 1371

61 Interstitial lung disease RA 1693

30 Cytopenia SLE 2051

27 Arthralgia/myalgia pSS and LLD 1257

33 Proteinuria SLE and APS 478

14 Proteinuria SLE 94

=* One patient with a diagnosis of dermatomyositis got the diagnosis systemic sclerosis during follow-up. 
This patient was included in the future patients group (group B), as patients were categorized based on 
clinical diagnoses made by the treating physician, regardless of ANA status.

RA: rheumatoid arthritis, SLE: systemic lupus erythematosus, pSS: (primary) Sjogren’s syndrome, SSc: sys-
temic sclerosis, PM/DM: polymyositis or dermatomyositis, MCTD: mixed connective tissue disease.
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DISCUSSION

The main goal of this study was to investigate whether ANA test results in patients with 
suspected CTDs who remained undiagnosed at the time of that test could be used to 
predict a future CTD diagnosis. In our study, only a small percentage of suspected CTD 
patients progressed from undiagnosed patients with symptoms associated with CTDs to 
patients with a diagnosed CTD. Although our study shows an increased prevalence of 
ANAs in future CTD patients compared to suspected CTD patients who do not progress 
to a definitive CTD, we show that only a small percentage of positive ANA tests occur in 
future patients, indicating that most positive ANA tests performed in this patient group 
are clinically irrelevant. As ANA testing has a low PPV and a high NPV for development of 
a future CTD, this indicates that positive ANA test results do not predict development of 
a future CTD, but a negative ANA test results makes development of a future CTD highly 
unlikely.

This appears contradictory to previous studies, which have shown that ANAs can already 
be present in the serum of CTD patients several years before diagnosis, suggesting great 
positive predictive values. However, our study differs from previous studies in the way that 
it is a prospective cohort study, whereas most of these studies investigating the predic-
tive value of autoantibodies for disease evolution in CTDs are retrospective.10,11,14,15,20 This 
difference is also expressed in the composition of the cohort: whereas these studies look 
retrospectively at previous test results of patients with a confirmed CTD diagnosis, they 
often lack a good control group with a similar phenotype pre-diagnosis, whereas in our 
study these patients are also included, which makes our population more representative 
of that of a Rheumatology outpatient population. We conclude that although positive 
ANA tests are more prevalent in future patients, the positive predictive value is limited 
because of the moderate prevalence of ANAs in non-progressing patients suspected of 
having a CTD.

Despite the substantial follow-up time of approximately six years, the number of undi-
agnosed patients progressing to a CTD diagnosis was lower than we originally expected. 
Our results show that only a small fraction of undiagnosed patients out of all patients with 
a suspicion of a CTD will develop a CTD if not diagnosed immediately. Currently however, 
many patients remain in follow-up because of the uncertainty whether their symptoms 
should be interpreted as a prelude for a CTD or as clinically irrelevant symptoms that 
resolve over time. Presumably, this is especially the case for patients who test positive for 
ANAs. However, our study suggests that this caution is largely unwarranted, as very little 
patients develop an CTD in this follow-up and the PPV of a positive ANA screening test is 
only 7%. A possible explanation is that ANAs can be present in up to 20% of non-diseased 
individuals, resulting in clinically irrelevant positive test results. Our results also show 
that specific ANAs associated with the future diagnosis are almost as prevalent in future 
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patients as a general positive ANA test results and are less prevalent in patients who do 
not receive an eventual diagnosis. A new risk stratification strategy could involve only 
following undiagnosed patients in the outpatient clinic when they have positive results 
for ANAs associated with their suspected CTD based on clinical signs and symptoms. This 
is similar to the recommendation for patients with Raynaud’s phenomenon, for whom a 
recent study showed that progression to systemic sclerosis mainly happens in patients 
with positive ANA tests.21 

As mentioned previously, several studies have shown that autoantibodies can be present 
in the serum of CTD patients several years before diagnosis. In particular, the study by 
Arbuckle et al. shows that a variety of autoantibodies are often present in the serum of 
SLE patients many years before the diagnosis of the disease and that there is a gradual 
increase in seropositive patients for all autoantibodies over time.15 The study by Arbuckle 
et al. also shows that a large percentage of patients are already seropositive for specific 
ANAs at the time of the first manifestations of SLE.15 Consequently, this would suggest 
that seroconversion of ANAs precedes the first ANA test of the patient in clinical practice, 
as this testing only occurs after the already symptomatic patients visit the physician. In 
our study, we show that repeated ANA tests during follow-up are of little clinical value, as 
seroconversion is rare in follow-up and most of the newly found autoantibodies are clin-
ically irrelevant. The low clinical value of repeated ANA tests was also shown in a recent 
study by Yeo et al., in which they showed that of the 19% of patients who seroconverted 
from a negative test result to a positive result, only 1.1% was clinically relevant.22 

The main strengths of our study are the prospective design with clinically relevant control 
groups and the follow-up of approximately 6 years. The main limitations of our study are 
the low number of patients developing new CTDs and the potential of loss to follow-up. 
As the new diagnosis were assessed using the data from the EHR in our hospital, there is 
a possibility that patients who did not receive a CTD diagnosis at baseline were released 
from care but later diagnosed with an CTD in another hospital. 

In conclusion, our study shows that progression from an undiagnosed patient seen at the 
outpatient clinic to an CTD is rare. Although very rarely progressing to a CTD, patients 
with specific ANAs associated with the suspected CTD are at higher risk of developing 
this disease in the future and patients with negative ANA tests are highly unlikely to 
develop a new CTD, which could be used to more stringently select patients to keep 
in follow-up. Repeated ANA tests however are not useful, as seroconversion is likely to 
precede the visit to the outpatient clinic. Patients with symptoms associated with CTDs 
but who remain undiagnosed after the initial diagnostic process and do not have specific 
ANAs associated with their suspected CTD can safely be released from care.
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ABSTRACT

Objective 
Systemic lupus erythematosus (SLE) is an autoimmune disease characterized by a variety 
of disease symptoms and an unpredictable clinical course. To improve treatment out-
come, stratification based on immunological manifestations commonly seen in patients 
with SLE such as autoantibodies, type I interferon (IFN) signature and neutrophil extracel-
lular trap (NET) release may help. It is assumed that there is an association between these 
immunological phenomena, since NET release induces IFN production and IFN induces 
autoantibody formation via B-cell activation. Here we studied the association between 
autoantibodies, the IFN signature, NET release, and clinical manifestations in patients 
with SLE.

Methods 
We performed principal component analysis (PCA) and hierarchical clustering of 57 
SLE-related autoantibodies in 25 patients with SLE. We correlated each autoantibody to 
the IFN signature and NET inducing capacity.

Results 
We observed two distinct clusters: one cluster contained mostly patients with a high IFN 
signature. Patients in this cluster often present with cutaneous lupus, and have higher 
anti-dsDNA concentrations. Another cluster contained a mix of patients with a high and 
low IFN signature. Patients with high and low NET inducing capacity were equally distrib-
uted between the clusters. Variance between the clusters is mainly driven by antibodies 
against histones, RibP2, RibP0, EphB2, RibP1, PCNA, dsDNA, and nucleosome. In addition, 
we found a trend towards increased concentrations of autoantibodies against EphB2, 
RibP1, and RNP70 in patients with an IFN signature. We found a negative correlation of 
NET inducing capacity with anti-FcER (r= -0.530; p=0.007) and anti-PmScl100 (r= -0.445; 
p=0.03).

Conclusion 
We identified a subgroup of patients with an IFN signature that express increased con-
centrations of antibodies against DNA and RNA-binding proteins, which can be useful for 
further patient stratification and a more targeted therapy. We did not find positive associ-
ations between autoantibodies and NET inducing capacity. Our study further strengthens 
the evidence of a correlation between RNA-binding autoantibodies and the IFN signature. 
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INTRODUCTION

Systemic lupus erythematosus (SLE) is an autoimmune disease characterized by a variety 
of disease symptoms and an unpredictable clinical course. While some patients experi-
ence a relatively mild disease, others develop a complicated disease course, with frequent 
flares that can precede organ damage. Ultimately, SLE can lead to premature death, as 
the result of disease activity or because of treatment side effects.1 This underlines the 
urgency to identify patients that develop a complicated disease course, and the need for 
tailored therapy.2,3

Risk stratification is a tool to predict progression to severe disease. In SLE a clinically appli-
cable stratification tool or biomarker still remains high on the agenda.2 Several cytokine 
phenotypes and gene signatures have been proposed as a tool for risk stratification, 
but these have not found their way to clinical practice yet.4–9 The main immunological 
mechanisms in SLE are formation of autoantibodies, the presence of an interferon (IFN) 
signature, and development of neutrophil extracellular traps (NETs).10 Autoantibodies 
are a nearly omnipresent immunological manifestation in SLE patients. Antinuclear anti-
bodies are present in most patients, although there is individual variation in the specific 
autoantigens that these autoantibodies recognize. Some autoantibodies are associated 
with specific disease manifestations. For example, anti-C1q antibodies are associated 
with lupus nephritis, and a rise in the serum concentration of anti-dsDNA antibodies is 
often seen in patients during flares.11,12

Besides autoantibody production, approximately half of all SLE patients show increased 
expression of genes regulated by proinflammatory type 1 IFNs, known as the IFN 
signature.13,14 The IFN signature is often used as a proxy for the presence of type 1 IFN, 
considering the absence of a reliable method to measure type 1 IFNs in vivo. Type 1 IFNs 
play an important role in the pathophysiology of SLE, as randomized controlled trials 
show that treatment with type 1 IFN receptor blocking antibody anifrolumab leads to a 
decrease on the British Isles Lupus Assessment Group (BILAG)-based Composite Lupus 
Assessment (BICLA) in patients with SLE.15,16 In these trials, anifrolumab suppresses in-
terferon regulated genes in patients with a high IFN signature. Surprisingly, treatment 
effect was observed in patients with a high IFN signature as well as in patients with a low 
IFN signature.  This indicates that SLE activity is not solely based on the presence of type 
I IFNs, and that the contribution of an IFN signature to disease activity differs between 
patients. Unfortunately, the small sample size of IFN low patients did not allow a direct 
comparison of the therapeutical effect of anifrolumab between patients with a low and 
high IFN signature. More information is therefore needed to determine the use of the IFN 
signature for personalized treatment. 
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NETs are important drivers of type I IFN production and a source of auto-antigens in 
patients with SLE.17 NETs are formed as a first line defense mechanism of neutrophilic 
granulocytes by physically capturing microbes in structures containing DNA and an-
timicrobial peptides via a process called NETosis. NETs are relatively rich in antigens for 
autoantibodies commonly seen in SLE, such as double-stranded DNA. Indeed, NETosis is 
associated with anti-nuclear and anti-dsDNA antibodies, and the IFN signature in SLE.18 
The extent to which these immunological mechanisms and pathways are involved in the 
pathophysiology of SLE differs between patients. 

Since NETs are a rich source of antigens for autoantibodies, and NETosis induces IFNα 
production, it is expected that these immunological mechanisms in SLE would to some 
extent correlate with each other. Indeed, NETosis is associated with the IFN signature, 
ANA and anti-dsDNA formation in SLE and type 1 IFNs are known to affect B-cell function 
and survival, which could lead to increased autoantibody production.18–20 In the present 
study, we explored correlations between a wide range of established and lesser known 
SLE-associated autoantibodies and the presence of an IFN signature and NET release 
to further study their complex interaction in patients with SLE. Better understanding 
of these underlying immunological manifestations and their correlations could lead to 
better tools for patient stratification and more targeted treatment options.

MATERIALS AND METHODS

Patients
Blood samples and clinical data of patients with SLE as well as healthy controls were 
collected in the University Medical Center (UMC) Utrecht, The Netherlands in 2014 and 
2015. The study protocol was approved by the medical ethical committee of the UMC 
Utrecht (reference number 12-296). All participating patients provided written informed 
consent. All patients fulfilled the American College of Rheumatology 1997 criteria for SLE. 
None of the included patients had signs of infection at the time of sample collection. 
Patients did not receive B lymphocyte suppressive therapy (belimumab or rituximab) in 
the 6 months prior to inclusion in this study. The IFN signature and NET inducing capacity 
were determined in patients from this cohort and were previously published.18,21 Serum 
samples from these patients were stored in the UMC Utrecht biobank.

In 2019, we tested the presence of 57 SLE-related autoantibodies in biobanked serum of 
483 patients with SLE, using a custom-made antibody microarray system.22 25 of these 
patients were also included in the previously reported cohort. We combined the datasets 
for the present study. Figure 1 shows a visual representation of the inclusion process.
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Assessment of IFN signatures, NET inducing capacity  
and autoantibodies 
A complete description of the methods for determining the IFN signature and NET 
inducing capacity has been previously published.18,21 In short, mRNA expression of four 
IFN regulated genes (IFI44L, IFITM1, SERPING1 and LY6E) was determined relative to 
housekeeping gene GUSB in CD14+ monocytes from SLE patients and healthy controls. 
The relative gene expression was normalized against expression in a group of healthy 
controls (HC), and the individual z-scores were averaged to determine the IFN signature. 
The IFN signature was considered high if the averaged z-score was above 2SD of the 
mean IFN signature in the HD group. NET inducing capacity was studied by stimulating 
healthy donor neutrophils with 10% plasma from SLE patients for 4 hours. NET inducing 
capacity was measured with quantitative live imaging. Youden’s J-statistic of the receiver 
operating characteristics (ROC) curve of NET-release in patients with SLE compared to 
HC’s was used to determine whether a patient has a high or low NET inducing capacity. 

We determined serum concentrations of 57 IgG autoantibodies with a custom-made 
antigen microarray system, using indirect immunofluorescence (Thermo Fisher Scientific, 
Uppsala Sweden). A full description of the methods has been described previously.22

Statistical analysis
We performed a principal component analysis to reduce the dimensionality of SLE pa-
tients with a high or low IFN signature, and a high or low amount of NET release, followed 
by a k-mean clustering approach (using principal components explaining 90% of the 
variance in the data) to define clusters.

We also performed a hierarchical clustering analysis to confirm the clusters, using the 
furthest neighbor clustering method, measuring the squared Euclidean distance of the 
autoantibodies measured on the antibody microarray. The scores of immunofluorescent 
intensity were log transformed and expressed as Z-scores to correct for differences in 
mean concentrations between the different autoantibodies. Data were visualized in a 
heatmap. Hierarchical clustering and principal component analysis were performed in R 
(www.r-project.org, version 4.2.2).

We used Mann-Whitney-U tests to compare concentrations of immunofluorescence of 
different autoantibodies between patients with high and low scores for IFN signature 
and NET inducing capacity. P-values were corrected for multiple testing according to the 
Bonferroni Correction (α = 0.05/57 = 0.0009). We used Spearman’s correlation to analyse 
the relationship between IFN signature, NET inducing capacity and concentrations of 
autoantibodies. Statistical analysis was performed using SPSS (version 25.0.0.2). Figures 
were made using GraphPad Prism (version 8.3.0).
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RESULTS

Baseline characteristics
The median age of all included patients was 43 years, 92% of the patients were female. 
Most patients were in remission or had low disease activity at the time of sample collec-
tion, although three patients had active disease (SLEDAI 6, 9 and 16). Nearly all patients 
(96%) tested positive for anti-nuclear antibodies (ANA). At the time of inclusion, six 
patients (24%) tested positive for anti-double stranded DNA antibodies (anti-dsDNA), 
although 22 patients (88%) had ever tested positive for anti-dsDNA. Nine patients (36%) 
had decreased concentrations of C3 and/or C4. A full overview of the baseline character-
istics is presented in Table 1.

Patients with a high IFN signature, or high NET inducing capacity had a higher median 
SLEDAI and anti-dsDNA concentrations, whereas median complement concentrations in 
these groups were lower compared to their counterparts with low IFN signature and low 
NET inducing capacity. All three patients who never tested positive for anti-dsDNA had a 
low IFN signature and low NET inducing capacity. 

Patients with a high IFN signature and/or high NET inducing capacity were more likely to 
have active disease as well as receive medication other than hydroxychloroquine (HCQ).
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A distinct autoantibody pattern is present in a subgroup of patients 
with a high IFN signature, and is associated with development  
of a new rash
To investigate if patients with a IFN signature and/or NETosis have a specific autoantibody 
profile, we performed a principal component analysis (PCA) followed by a k-mean clus-
tering (Fig. 2A). We found an undetectably low concentration of citrullinated α-enolase 
antibodies in one patient. This unusual value was defined as an outlier and consequently 
excluded from further clustering analyses. We tested whether excluding this patient 
influenced the clustering analyses, and found that the results represented in Figure 1 are 
not dependent of this patient. An overview of the studied autoantibodies is included as 
supplementary Table 1. We identified two distinct clusters: cluster 1 (n=9) contains mostly 
patients with a high IFN signature, and cluster 2 (n=15) contains a mix of patients with 
a high and low IFN signature. The two clusters are mainly separated by PC1 explaining 
22.7% of the total variability. PC1 is mainly driven by antibodies against histones, RibP2, 
RibP0, EphB2, RibP1, PCNA, dsDNA, and nucleosome. The component loadings for PC1, 
PC2 and PC3 are shown in supplemental Figure S1. A hierarchical cluster analysis shows 
two distinct clusters, and one patient previously clustering with patients in cluster 1, 
crossed over to cluster 2. Hierarchical clustering confirmed the clustering of patients with 
a distinct autoantibody pattern and a high IFN signature (Fig. 2B). 

Figure 1: Flowchart representing the patient selection process. IFN: interferon; NET: neutrophil ex-
tracellular traps. 
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We evaluated whether patients presented with different clinical features and found an 
increased median anti-dsDNA and thrombocyte concentration in cluster 1 compared to 
cluster 2 (Fig. 2C). Although the median SELENA-SLEDAI score did not differ, cluster 1 con-
tained all four patients that developed a new rash (Fig. 2D). Other clinical SELENA-SLEDAI 
features did not significantly differ between the clusters. 

Autoantibodies against RibP1, RNP70 and EphB2 are associated  
with the IFN signature
We further analyzed the association between specific autoantibodies and the IFN signa-
ture. We compared the autoantibody concentration of patients with a high IFN signature 
to the concentration of patients with a low IFN signature and found a trend towards 
increased concentrations of autoantibodies against EphB2, RibP1, and RNP70 in patients 
with a high IFN signature (Figure 3A). Moreover, we found positive correlations between 
EphB2, RipP1, and RNP70 and the IFN signature (Figure 3B).
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Figure 2: (A) Principal component analysis of 24 patients with SLE visualized in a 3D plot. (B) Heat-
map of Z-scores for 57 autoantibodies in patients with high and low IFN signature, and high or low 
NET inducing capacity. Vertical axis shows clustering of patients based on IFN status (blue) and NET 
inducing capacity (orange/pink). Horizontal axis represents clustering based on autoantibody pro-
files. (C) SELENA-SLEDAI score, anti-dsDNA, and thrombocyte concentration in cluster 1 and 2 from 
Figure 2A. Lines represent median. Differences between clusters were tested with a Mann-Whit-
ney-U test. (D) Representation of individual SELENA-SLEDAI items in patients in cluster 1 and cluster 
2 from Figure 2A. Darker area represents % of patients positive for this item. Only items present in 
patients from our cohort are shown. *χ2(=1, N=24) =8.00, p=0.005. IFN: interferon signature; NET: 
neutrophil extracellular trap.
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Categorizing patients based on NET inducing capacity  
does not reveal distinct autoantibody clusters
When we categorized patients based on NET inducing capacity, we did not identify clus-
tering of patients with certain autoantibody profiles (Fig. 2B). We additionally compared 
autoantibody concentrations in patients with a high NET inducing capacity to concen-
trations in patients with a low NET inducing capacity. Patients with a high NET inducing 
capacity tend to have decreased concentrations of antibodies against FcER and PmScl100 
compared to patients with a low NET inducing capacity (Figure 4A). Antibodies against 
FcER and PmScl100 showed a negative correlation to NETosis (Figure 4B). 

Figure 3: (A) Immunofluorescence (IF) intensity in IFN positive and IFN negative patiënts for EphB2, 
RipP1, and RNP70. Line represents mean IF intensity. (B) Correlation of EphB2, RipP1, and RNP70 
IF intensity with IFN score.IF:immunofluorescence; IFN:interferon. *not significant after Bonferroni 
correction



116

Chapter 6

DISCUSSION

In this study, we investigated the association between the IFN signature, NETosis and 57 
autoantibodies in SLE patients, since further insight in the interplay of these immunolog-
ical manifestations could lead to better options for patient stratification and personalized 
treatment.

Stratifying patients with SLE based on underlying immunological traits has gained atten-
tion in recent years, and has been attempted in several cohorts.23–27 The use of different 
autoantibody panels and sample sizes however impairs comparability between studies. 
Recently, a clustering analysis based on 20 autoantibodies and 29 ANA patterns in a large 
cohort of patients with SLE identified four distinct autoantibody clusters.28 One cluster 
contained patients positive for antibodies against (among others) dsDNA, RibP, histones, 
and PCNA. These antibodies were among the main drivers of variability in our PCA.  

Figure 4: (A) Immunofluorescence (IF) intensity of autoantibodies against FcER and PmScl100 in 
patients with a low and high NET inducing capacity; Line represents mean IF intensity. (B) Correla-
tion of FcER and PmScl100 IF intensity with NET inducing capacity. IF: immunofluorescence; NET: 
NETosis. *Not significant after Bonferroni correction for multiple testing.
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We found a subgroup of patients with an IFN signature who express increased concen-
trations of antibodies against DNA and RNA-binding proteins. In line with our findings, 
others have previously described an association between antibodies against RibP0, RNP, 
anti-dsDNA, and the IFN signature.29–31 However, we could not confirm previously pro-
posed associations between the IFN signature and anti-SSA, anti-SSB, and anti-Sm.31 

The exact interplay of RNA-binding antibodies and the IFN signature is not fully under-
stood. Interestingly, RNA-binding antibodies are more prone to forming circulating im-
mune complexes than DNA-binding antibodies in SLE patients, which are more likely to 
bind directly to the target tissue.32 As immune complexes are thought to be an important 
source of IFN via signaling through TLR7 and TLR9, this suggests that the RNA-related 
pathway involving TLR7 is a driver of IFN production in patients with SLE. Whether 
RNA-binding autoantibodies such as anti-U1 RNP, of which RNP70 is a subcomponent, 
play a causative role in the pathophysiology or are an epiphenomenon remains to be 
elucidated.

We found a trend towards increased concentrations of autoantibodies against EphB2, 
RibP1, and RNP70 in IFN-positive patients. Especially the presence of antibodies against 
the U1 RNP complex is associated with an interferon signature.33,34 This association is not 
only seen in SLE, but across systemic autoimmune diseases, indicating that subgroups 
of patients with systemic autoimmunity share immunopathological phenotypes, despite 
different clinical disease manifestations.35,36 The association between antibodies against 
ribosomal protein RibP1 and the IFN signature is less studied, although patients with 
anti-RibP antibodies have higher serum concentrations of IFN alpha than patients who 
were negative for anti-RibP antibodies.37

To our surprise, we found that the presence of antibodies directed against EphB2 is one 
of the main drivers of variability between patients with a high IFN signature and patients 
with a low IFN signature. We found a positive correlation between antibodies against 
EphB2 and the IFN signature, in addition to a previously described correlation between 
EphB2 protein and the IFN signature.38 EphB2 protein is involved in atherosclerosis, and 
EphB2 expression in atherosclerotic plaques increases with plaque severity.39,40 Anti-
bodies against EphB2 have been observed in both SLE and systemic sclerosis patients. 
SLE patients with anti-EphB2 antibodies more often experience cardiovascular events 
compared to patients that do not express this antibody.41 Whether EphB2, or antibodies 
against EphB2, play a causative role in atherosclerotic plaque formation in SLE is to be 
further elucidated, but its presence might partially explain the observed increased preva-
lence of cardiovascular events in patients with SLE compared to healthy patients.42 
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As NETs are rich sources of antigens for antibodies commonly seen in SLE, we expected 
a positive association between NETosis and several of these autoantibodies. Indeed, an 
association between NETosis and anti-dsDNA has been reported and was also found 
in the original cohort from which this sub analysis was performed.18,43 Here, we did not 
find positive associations of autoantibodies with NETosis, but rather found a negative 
correlation of NETosis with anti-FcER and anti-PmScl100, indicating that we performed 
analyses for this present study in a subgroup from the original cohort. Although anti-FcER 
and anti-PmScl100 are mostly associated with chronic urticaria and systemic sclerosis 
respectively, both have also been described in patients with SLE.44,45

The main limitation in our study is the small sample size: we associated 57 autoantibodies 
with NETosis and the IFN signature in 25 and 22 patients respectively. For these analyses, 
we combined data from the same patients that were part of both studies, but we did not 
perform a power calculation beforehand. The low number of patients with active disease 
and the cross-sectional design of the study limits predicting flares and does not allow us 
to identify patients at risk for a complicated disease course. However, our findings are 
in line with current literature, indicating that our cohort might not be large enough to 
detect statistically significant differences after correction for multiple testing, but is still 
representative for SLE patients. 

CONCLUSION

In this study, we show that combining data on different immunological phenomena in 
patients with SLE can help to further stratify patients. We identified a subgroup of pa-
tients with a high IFN signature that express DNA and RNA-binding antibodies, as well 
as antibodies against EphB2. Larger observational cohort studies are needed to further 
stratify patients based on a combination of genetic, proteomic and autoantibody profiles. 
This could lead to improved prediction of flares in SLE, as well as more targeted treatment 
options. 
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Supplementary Figure S1: contribution of variables to PC1 (left), PC2 (middle) and PC3 (right). 

For Supplementary Table S1, see supplementary Table 1 of Chapter 3. 
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ABSTRACT

Systemic lupus erythematosus (SLE) is a heterogeneous systemic autoimmune disease 
with a complex a multifactorial pathophysiology. Due to difficulty recognizing patients 
with SLE in an early stage, diagnostic delay is very common, which can result in the accu-
mulation of organ damage. Some immunological signs, such as the presence of autoan-
tibodies, have previously been shown to be present in patients with SLE, even before the 
constitution of the first symptoms. This makes these immunological signs a prime target 
to improve the diagnostic process. In this article, we review recent studies investigating 
the use of biomarkers for diagnostics, including autoantibodies, other serum biomarkers, 
biomarkers in other bodily material, circulating RNAs and gene expression profiles. We 
discuss their place in the pathophysiology of SLE and their potential to improve and 
expedite the diagnostic process for patients with SLE. 
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INTRODUCTION

Systemic lupus erythematosus (SLE) is a systemic autoimmune disease characterized by 
a wide range of symptoms and immunological manifestations.1 Because of the hetero-
geneity of the disease, SLE can be difficult to diagnose, often resulting in a significant 
diagnostic and treatment delay.2 This can result in the accumulation of organ damage, 
increasing the burden of the disease for patients.3 

There is an unmet need for additional tools to improve and expedite the diagnostic pro-
cess to diminish this delay. In the absence of diagnostic criteria for SLE, the EULAR/ACR 
classification criteria, developed primarily for research purposes, are commonly used in 
clinical practice as a substitute to aid clinical decision making, blurring the lines of what 
would be considered a diagnosis of SLE in clinical practice.1 The pre-diagnostic phase of 
SLE (‘pre-SLE’) is characterized by the absence or limited presence of SLE-related clinical 
symptoms, which are insufficient to establish a clinical diagnosis of SLE. These symptoms 
are often non-specific and can be caused by a wide range of different causes. However, 
in pre-SLE patients some signs of autoimmunity, such as the presence of autoantibodies 
and interferons, have been shown to be present frequently during this pre-classification 
phase. We show an overview of these signs of autoimmunity in pre-SLE patients in Table 
1.4–19

These signs of autoimmunity can potentially be used to distinguish patients who 
will eventually be diagnosed with SLE, the pre-SLE patients, from patients with similar 
signs and symptoms, but who will never develop SLE. Numerous studies have therefore 
focussed on different (immunological) biomarkers to aid in the diagnostic process for 
patients with SLE. Ideally, these studies would use cohorts of pre-SLE patients to inves-
tigate biomarkers that are both be accurate and present in pre-diagnostic phases of SLE. 
However, as pre-SLE cohorts are very limited, nearly all studies compare patients with an 
established diagnosis of SLE, fitting the 2019 EULAR/ACR or older classification criteria, 
with control groups. It is often assumed that the results from these studies are translata-
ble to the pre-SLE phase as well, and therefore have potential relevance for the diagnostic 
process. 

In this review we give an overview of recent studies investigating biomarkers in patients 
with an established clinical diagnosis of SLE and their potential for use as diagnostic 
tools. The use of biomarkers associated with specific organ involvement (i.e. skin or renal 
involvement) is beyond the scope of this review. 
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METHODS

We performed a PubMed search with the following search terms: "lupus erythematosus, 
systemic"[MeSH Terms] AND ("biomarkers"[MeSH Terms] OR "antibodies"[MeSH Terms] OR 
"immunoglobulins"[MeSH Terms] OR "antibodies"[MeSH Terms] OR "chemokines"[MeSH 
Terms] OR "cytokines"[MeSH Terms] OR "polymorphism, single nucleotide"[MeSH Terms]) 
AND ("systemic lupus erythematosus"[Title/Abstract] AND ("biomarker"[Title/Abstract] 
OR "biomarkers"[Title/Abstract]) AND ("diagnosis"[Title/Abstract] OR "diagnostic"[Title/
Abstract])).

Table 1

Signs of autoimmunity in pre-SLE patients, as described in previous studies. 

Immune factor Marker References

Autoantibodies ANA 5,6,9,12

Anti-Ro 5,6,7,8,9

Anti-La 5,6,8,9

APl 5,16,19

Anti-dsDNA 5,6,8,9,12,14,17

Anti-Sm 5,6,8,9

Anti-RNP 5,6,8,9

Anti-chromatin 8,9

Rheumatoid factor 13

Anti-PCNA 16

Anti-C1q 16,17

Increased IgG:IgM ratio 16,17

Interferon IFN-α 8

IFN-γ 9,18

IFN-Score-B 11

IFN-Score-A 11

Soluble markers IL-6 9

IL-12p70 9

IP-10 9,10

IL-5 9

IL-10 19

TGF-β 9,18

Complement levels 14

BLyS 18

SCF 18

ANA: anti-nuclear antibodies. APl: anti-phospholipid antibodies. Anti-dsDNA: anti-double stranded DNA. 
Anti-RNP: anti-ribonucleoprotein. 
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Searches were restricted to include articles published from January 2021 up to July 2024. 

Inclusion criteria
Studies that investigated the discriminating potential of one or multiple biomarkers in 
patients with SLE compared to healthy controls. Only studies that focused on adults, with 
full text availability and in written in English were included. Relevant studies cited within 
these articles were also included.

Exclusion criteria
Studies focussing primarily on the diagnosis of specific organ involvement, such as lupus 
nephritis or cutaneous lupus erythematosus, rather than diagnosis of SLE in general, were 
excluded, as this was beyond the scope of this review. 

RESULTS

The search resulted in 201 articles. After application of the inclusion and exclusion cri-
teria, 61 articles were included. Fifty-eight out of sixty-one included studies note that 
the patients included in their studies were patients with an established diagnosis of SLE, 
fitting classification criteria (most commonly the 1997 ACR criteria), or are using public 
datasets comprised of data from SLE patients fulfilling these classification criteria. Three 
studies do not explicitly mention which metrics they used to define SLE-patients in their 
study.

As the pathophysiology of SLE is multifactorial and very complex, we have divided the 
studies into five categories: Autoantibodies, other serum markers, markers in other bodily 
material, circulating RNAs and gene expression. A simplified overview of these markers 
and their interconnections is displayed in Figure 1. 
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Serum markers

Autoantibodies
Over the past 80 years, over 100 different autoantibodies associated with SLE have been 
identified.20 In the last couple of years however, research into the diagnostic potential of 
autoantibodies seems to have slowed down. We found 6 recent studies investigating the 
diagnostic use of (auto)antibodies in our search.21–25

With the use of phage immunoprecipitation sequencing, one study used high-through-
put DNA sequencing to describe antibodies targeting a peptide from a random peptide 
library chip (SLE_p27, seq38567 GLYHSNASFRVP). These antibodies were highly distinc-
tive (AUC 0.938) for SLE patients compared to healthy controls (HCs). It is noteworthy 
that SLE_p27 outperformed both anti-dsDNA and anti-Sm (AUC of 0.840 and 0.575 
respectively).21 Another study described the presence of anti-NET antibodies (ANETAs) 
in patients with SLE, which had moderate diagnostic potential.22 Interestingly, these 
ANETAs did not inhibit the immunostimulatory effects of NETs, but rather protected them 
from degradation, as reported previously.26 Although they did not find the exact targets 

Figure 1

A simplified overview of the different areas of the pathophysiology of SLE and their interconnections, 
investigated by the articles mentioned in this study. 
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of these ANETAs, they notice that ANETA showed no more than a weak correlation with 
other tested autoantibodies, such as anti-dsDNA.

Other than focussing on the discovery of new autoantibodies in patients with SLE, some 
recent studies have focussed on identifying the exact epitopes that previously known au-
toantibodies react with. A small number of positive ANA-tests in SLE-patients, in particu-
lar those with an AC-25 or AC-26 pattern, can be explained by the presence of anti-NuMa 
antibodies. Approximately 15% of SLE patients tested positive for anti-NuMa antibodies 
and for half of these patients, these were the only autoantibodies that were detected, 
suggesting potential additional diagnostic value in patients that test negative for conven-
tional autoantibodies.23 Anti-mitochondrial antibodies (AMAs) targeting C1qBP or MFN-1 
are more prevalent in patients with SLE compared to healthy controls, whereas levels of 
anti-C1qBP and anti-MFN-1 were not elevated in patients with other diseases associated 
with the presence of AMAs.24 Compared to healthy controls, SLE-patients have increased 
levels of antibodies targeting the EBV envelope glycoprotein gp350, which might serve 
as a potential diagnostic biomarker (AUC 0.804). Additionally, the study shows that these 
antibodies do not appear to be cross-reacting with autoantigens, strengthening the 
hypothesis that gp350 is a prospective EBV vaccine candidate.25 

One study investigated whether the ratio of immunoglobulin G (IgG) to immunoglobulin 
M ratio would be predictive of progression from incomplete SLE (iSLE) to SLE. They found 
that patients with iSLE had higher IgG/IgM ratios that healthy controls, although these 
ratios were not predictive of progression to SLE in patients with iSLE.27 

Despite the numerous SLE-associated antibodies, the practical use of many of these anti-
bodies is limited, as historically only a small number are deemed to have sufficient added 
diagnostic value to be incorporated into regular clinical practice.1,28 Potentially also due 
to technical improvements leading to the increased accessibility of newer diagnostic 
methods such as the -omics, more recent research seems to mainly focus on the potential 
of other diagnostic methodologies.29,30 

Other serum markers

Cytokines and serum proteins
We found 11 studies that have focussed on other serum markers, such as cytokines and 
other soluble serum proteins.31–40 Among the cytokines that were found to be upregu-
lated were cytokines that are involved in the induction of inflammation response (IL-6, 
TNF-alpha, CCL4 (or MIP-1β)), and B-cell activation (BAFF).31,32 Interestingly, increased 
serum levels of IL1RA (interleukin-1 receptor antagonist), which is an anti-inflammatory 
cytokine, were found as well, with an AUC of 0.938, compared to 0.973 for anti-dsDNA. 
IL1RA functions by acting as an antagonist to the interleukin-1 receptor, inhibiting activa-
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tion of the IL-1 receptor by the pro-inflammatory IL-1.31,41 Serum IL1RA might be elevated 
in a response to the excessive inflammation seen in patients with SLE, as a compensatory 
modulating agent.

Other studied serum proteins included complement levels, calprotectin, a soluble 
protein abundantly present in the cytosol of neutrophils (and released in NETs as a 
major antifungal component), protein hormones (leptin and adiponectin) and several 
(trans)membrane proteins, in particular involved in cell adhesion (VCAM-1, E-selectin, 
L-selectin, SIGLEC1) or vesicular transport (Cav-3, Cav-1).19,31,34,36,37,39,40 One study shows 
an association between persistent low levels of complement proteins C3 and C4 to be 
associated with progression from iSLE to SLE.40 VCAM-1 and E-selectin are membrane 
proteins expressed on endothelial cells, whereas L-selectins are expressed on leukocytes 
and SIGLEC-1 is expressed on monocytes. These adhesion molecules have been shown 
to be involved in leukocyte rolling and their expression is likely increased as a result of 
inflammation causing endothelial damage.42,43 Out of these biomarkers, SIGLEC1 had the 
highest AUC, with an AUC of 0.95, comparable to that of anti-dsDNA (AUC 0.90).39

Metabolomics
Metabolomics is a relatively new addition to the diagnostic field. Metabolomics are used 
to study the metabolite composition by measuring numerous metabolites simultaneous-
ly.44 These metabolites can be influenced by diet or microbiota, but can also be changed 
as a result of inflammation.45,46 

Six recent studies investigated changes in metabolomics in SLE patients compared to 
healthy controls.47–52 In general, lipid and fatty acid metabolism seem most affected in 
SLE patients in these studies. Multiple studies suggest that changes in the lipid and fatty 
acid metabolism might result in the increased prevalence of cardiovascular disease in 
patients with SLE, which is a major cause of mortality in SLE patients. These six studies 
found multiple metabolites, either single metabolites or multiple metabolites combined 
into a multivariate model, with an AUC of 0.950 or larger, for SLE patients compared to 
healthy controls, which suggests great diagnostic potential. 

Proteomics
Whereas metabolomics studies the composition on metabolites in patients, proteomics 
focusses on the proteome, the collection of proteins in these patients. Three recent stud-
ies investigated the proteome of patients with SLE, and found that a number of proteins 
were significantly changed in patients with SLE.47,53,54 These proteins, such as IFIT3, TNF-RII 
and Amyloid A1, mainly reflected organ damage and inflammation, with multiple inter-
feron-induced proteins being found differentially expressed between SLE patients and 
HCs. 
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Some of the studies mentioned above show correlations of the investigated biomarkers 
with conventional diagnostic markers, such as anti-dsDNA and complement factors C3 
and C4. Three studies also compared the AUC of the investigated biomarker to that of 
anti-dsDNA and complement factors.37,39,41 In all three cases the AUC of the investigated 
biomarkers were similar to that of anti-dsDNA and outperformed the AUC of complement 
factors.

Markers in other bodily materials
Although most diagnostics involve tests that are performed using a blood or serum sam-
ple, five studies have also investigated the use of other bodily materials as a diagnostic of 
SLE.55–59 Three studies have investigated urine samples, whereas the diagnostic potential 
of the composition of pleural effusion and the microbiome was investigated by one study 
respectively.

Similar to blood samples, urine samples are easy to collect and are commonly used in 
current clinical practice. The main use of urine diagnostics in current clinical practice is 
to screen for lupus nephritis. For the purpose of this review, we only included studies 
investigating the use of diagnostics on urine samples for the diagnosis of SLE in general 
and excluded studies investigating the use of urine sample to diagnose lupus nephritis in 
patients with established SLE. 

The first study found that levels of several pro-inflammatory proteins were elevated in 
the urine of SLE patients, compared to healthy controls.55 The second study showed that 
patients with SLE also have increased urinary levels of beta-2 glycoprotein 1, which is also 
known as one of the targets of antiphospholipid antibodies. Interestingly, the authors 
found an AUC of 0.946 for SLE patients compared to healthy controls, with similar levels 
of urinary beta-2 glycoprotein 1 in patients with or without lupus nephritis.56 The third 
study showed increased levels of S100A8 (S100 calcium-binding protein A8) in urine, as 
well as in serum and saliva of SLE patients.57 Together with S100A9, S100A8 forms the 
heterodimer calprotectin, which itself also has been shown to be elevated in serum of 
SLE-patients. Similar to calprotectin, elevated serum levels of S100A8 are thought to be 
associated with NETosis, as it is abundantly present in the cytosol of neutrophils.60

A study investigating levels of complement C3 and C4 in pleural effusion found that C3 
and C4 could be used to distinguish pleural effusion caused by SLE from pleural effusion 
of other causes, with lower levels of C3 and C4 being found in the pleural effusion of 
SLE patients.58 Although these levels of C3 and C4 were significantly lower than in pleural 
effusion caused by malignancy or infection, they were not significantly different from 
levels of C3 and C4 seen in the pleural effusion caused by fluid overload. 
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One study investigated the composition of the microbiome of SLE patients using 16S 
rRNA analysis.59 Using a machine learning model, they were able to create a predictive 
model with an AUC of 0.930. Presence of escherichia fergusonii, a pathogenic bacterium 
known to cause urinary tract infections, was found as the most important contributing 
factor to the model.61 

Circulating RNAs
Several studies have investigated the diagnostic properties of circulating RNAs. These 
can broadly be divided into three different categories: micro-RNAs (miRNA), circular RNAs 
(circRNA) and long non-coding RNAs (LncRNA). 

MiRNA
MiRNAs are short non-coding RNA fragments that regulate protein expression by 
blocking the translation of the corresponding messenger RNA (mRNA) by binding to it. 
Depending on the function of the protein coded by the corresponding mRNA, miRNAs 
can have both immunostimulating and immunosuppressive effects.62 

One study found increased levels of miR-21 and miR-146a in patients with SLE, compared 
to healthy controls.63 They note that miR-21 is associated with T-cell activation and miR-
146a is associated with type 1 IFN response. A different study found increased levels of 
miR-181a and decreased levels of miR-223 in patients with SLE, compared to healthy 
controls.64 MiR-181a plays a role in lymphocyte differentiation and miR-223 influences 
granulocyte differentiation.65,66 Another study showed increased levels of miR-124-3p and 
miR-377-3p in patients with SLE.67 The authors suggest that both these miRNAs might in-
hibit the transcription of EGR1, which functions as a transcription regulator and has been 
shown to be downregulated in patients with SLE, although they did not experimentally 
confirm this.68 A. found miR-183-5p to be upregulated in SLE patients. MiR-183-5p targets 
Foxo1, which showed inverse correlation with miR-183-5p expression.69 It has been sug-
gested that Foxo1 downregulation is one of the important causes of Th17 dysregulation.70

Despite the significant alterations in levels of miRNAs found by these studies, in general 
they appear not to be very specific for SLE, as many of these have also been associated 
with different types of cancer and other diseases.71 Therefore, these alterations might not 
represent changes specific to SLE, but rather a change from the normal homeostasis, as 
seen in a multitude of diseases. For example, as a review by Jenike and Halushka points 
out, miR-21 is one of the most abundant miRNAs and has been claimed as a biomarker 
in at least 29 different diseases, and therefore cannot be considered a useful biomarker.71

CircRNA
Whereas miRNAs are suggested to inhibit mRNA transcription, circular RNAs act as 
“sponges” for miRNAs, therefore limiting the effect modulating effect of miRNAs.72 One 
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study found that circPTPN22 is downregulated in patients with SLE, as well as in patients 
with rheumatoid arthritis.73 A follow-up study by the same research group found that 
circPTPN22 acts as a sponge for miR-4689, which targets S1PR1, an important regulator 
of immune cell migration, differentiation and proliferation.74 

One study found increased expression levels of three circular RNAs (hsa_circ_0082688, 
hsa_circ_0082689 and hsa_circ_0008675). A model using a combination of two of these 
circular RNAs resulted in an AUC of 0.740 for distinguishing patients with SLE and HCs.75 
In another study by the same group, they did not reproduce these findings, but instead 
describe lowered levels of 4 different circular RNAs (hsa_circ_0000175, hsa_circ_0044235, 
hsa_circ_0068367 and hsa_circ_0001947).76 Additionally, a different study found that 
hsa_circ_0006689 was overexpressed in patients with SLE compared to HCs with an AUC 
of 0.713, and another study found overexpression of circETS1 in patients with SLE, with an 
AUC of 0.873.77,78 The lack of reproducibility and unclear pathophysiological mechanisms 
of these circRNAs limit their diagnostic potential. 

LncRNA
Long non-coding RNAs (LncRNAs) are commonly defined as RNAs with a length of over 
200 nucleotides that are not translated into functional proteins. Many lncRNAs are con-
sidered transcriptional noise, although increasing numbers of lncRNAs have been shown 
to have biological functions, mainly with a regulatory or architectural role in cell biology.79 

We found 7 studies investigating the use of lncRNAs for the diagnosis of SLE.80–86 The 
function of the lncRNAs mentioned in these studies is often unclear, but the lncRNAs 
reported in these studies are commonly suggested to have an inflammation-regulatory 
function. Two studies report lncRNAs associated with apoptosis pathways.83,86 One study 
found increased expression levels of lncRNA SNHG1, which is found to negatively regu-
late tumor suppression genes such as p53, and found that lncRNA SNHG1 overexpression 
was associated with an increased apoptosis rate in PBMCs in SLE patients. Another study 
found an increased expression of lncRNA H19, which they presume to target micro-RNA 
19-b (miR-19b). miR-19b has been shown to enhance proliferation of PBMCs and induce 
apoptosis resistance, whereas lncRNA H19 can inhibit the function of miR-19b. 

Gene expression
Several recent studies have focussed on gene expression profiles in SLE.87–98 Many of 
these studies used similar methodologies, using existing datasets from previous trials, 
that have been published in an online repository with the Gene Expression Omnibus 
(GEO) database. These new studies use the gene expression data series (GSE) from these 
trials to identify interesting differentially expressed genes (DEGs), validate the DEGs, 
often using other GSEs, and then validate the findings using RT-qPCR in a (small) local 
cohort. Following this, KEGG (Kyoto Encyclopedia of Genes and Genomes) and GO (Gene 
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Ontology) analyses are often used to further investigate the function of the genes found 
by these analyses. 

Many of the DEGs reported by these studies are known interferon-inducible genes, such 
as IFI44, IFI44L, MX2, IFI27 and EPSTI1.88–90,92–97 Some of these genes are also included 
in commonly used combinations to calculate the so-called “interferon signature”.99 One 
study used Mendelian Randomization to predict cytokine levels using publicly available 
GWAS data. Their main finding suggest an increase in levels of IL-4 in patients with SLE, 
identifying it as a potential biomarker, although they mention this has to be further inves-
tigated in experimental studies.100

It is noteworthy to highlight a study by Khunsriraksakul et al..98 In this study, they per-
formed a multi-ancestry and multi-trait meta-analysis of 12 SLE GWAS studies, which 
included over 20.000 SLE patients and almost 700.000 HCs. They found 16 new loci as-
sociated with SLE, and integrated the differentially expressed genes into a polygenic risk 
score (PRS) to evaluate the diagnostic potential. Nevertheless, the PRS on its own had an 
AUC of 0.65-0.69, whereas the more conventional combination of ANA and anti-dsDNA 
had an AUC of 0.72-0.73. Combining both only increased the AUC slightly to 0.75.

Methylation levels
Methylation of gene promotors is an important epigenetic factor in gene expression 
regulation, that can both increase or inhibit the expression of the associated gene, based 
on the binding site on the DNA.101 Two studies investigated the methylation levels of spe-
cific genes in PBMCs of SLE patients, compared to HCs.102,103 Both of these studies found 
increased methylation of tumor suppressor genes in PBMCs, potentially indicating de-
creased function of these genes. One of these studies showed increased methylation of 
the RUNX3 gene, a known tumor-suppressor gene that is frequently deleted or silenced 
in different types of cancers.102,104,105 The other study found increased methylation levels 
of CDKN2A promotors, which encodes two tumor suppressor genes, p14 and p16, and 
has been shown to modulate production of inflammatory cytokines.103 

DISCUSSION

There is a need for additional tools to expedite the diagnostic process for patients with 
SLE, as the current diagnostic process often leads to diagnostic and treatment delays.2,3 In 
this review, we evaluated recent developments in the use of biomarkers for the purpose 
of diagnostics in patients with SLE.

Antibodies are one of the few immunological manifestations that have been shown to ac-
tually be present before the diagnosis of SLE is eventually made, as Arbuckle et al. showed 
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previously in a longitudinal cohort study.5 Combined with the ease of investigating the 
presence of autoantibodies, they have therefore historically been a prime target for the 
discovery of new diagnostic biomarkers. However, over half of the studies investigating 
autoantibodies included in this review mainly focussed on elucidating the exact antigens 
of known autoantibodies, rather than the presence of undiscovered autoantibodies. 
Nevertheless, the number of SLE-associated antibodies has grown significantly since the 
study by Arbuckle et al..28 It would be interesting to repeat a study similar to that of Ar-
buckle et al., that includes multiple SLE-related autoantibodies that were not included in 
the original study to investigate the sensitivity of other autoantibodies or combinations 
of autoantibodies in the pre-clinical phases of SLE. 

An aberrant process of apoptosis and increased prevalence of NETs are known phenom-
ena in patients with SLE. Previous studies have shown an increased prevalence of NETo-
sis-prone low-density granulocytes (LDGs) in patients with SLE.106 Interestingly, increased 
levels of calprotectin, a soluble protein abundantly present in the cytosol of neutrophils 
and important component of NETs, are found in the serum of SLE patients.34 Increased 
levels of S100A8, one of the two major components of calprotectin, are also found in 
the serum, as well as the urine and saliva of SLE patients.57,60 S100A8 might serve as an 
indirect marker of NETosis activity, which might be useful in the diagnostic process or can 
potentially be used to identify different subsets of SLE patients for treatment selection. 

Cytokines play an important part in the regulation of the autoimmune pathophysiology. 
Production of cytokines are influenced by many factors and can also influence different 
parts of the immune system. The studies reviewed in this article show increased prev-
alence of multiple pro-inflammatory cytokines as well as altered levels of cell adhesion 
molecules such as selectins, potentially facilitating extravasation of leukocytes into tis-
sues.31–38 Additionally, changes in fatty acid metabolism were found in patients with SLE 
using metabolomics analysis. There are some caveats that should be taken into considera-
tion while interpreting the metabolomics data. First, all six of these included studies were 
conducted in China. Because of globally different dietary habits and the influence that 
diet can have on the metabolic profile, combined with differences in genetic background, 
this might limit the global applicability of these models.107 Second, metabolism can be 
altered by disease modifying drugs, including glucocorticoids such as prednisone, which 
are commonly given to patients with SLE.108 Although these recent studies do report the 
use of medication, the use of different types of medication might influence their results.

It would be interesting to investigate whether these changes in metabolism, as well as 
the potentially related increased cardiovascular risk observed in SLE-patients can be 
observed during pre-SLE as well.109 Overall, cytokines and metabolomic analyses result in 
promising AUCs when comparing patients with SLE to HCs. If future studies can confirm 
these findings in pre-SLE, this would confirm their potential as a diagnostic tool for SLE. 
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Levels of multiple different microRNAs, their presumed inhibitors circular RNAs, and 
lncRNAs were found to be altered in patients with SLE in comparison to healthy controls. 
Nevertheless, their overall specificity is lacking, as multiple of these circulating RNAs have 
been associated with a multitude of different diseases. For example, miR-21 has been 
associated with over 20 different diseases.71 We hypothesize that changes in these circu-
lating RNAs are mainly a reflection of non-disease-specific changes in the homeostasis, 
rather than a reflection of disease-specific changes. This would likely limit their use for 
diagnostics in SLE, as it might show signs of nonspecific disturbance of regular homeo-
stasis, but would not aid the diagnostic process significantly. 

A number of genes associated with an increased risk of development of SLE have been 
found in previous studies, although this only fully explains the presence of SLE in a small 
number of familial cases.110 In particular, the increased expression of interferon (IFN)-in-
ducible genes, commonly referred to as the IFN-signature, has been well-established in (a 
subgroup of ) patients with SLE, as well as some other autoimmune diseases like Sjogren’s 
syndrome.111,112 Most of the studies investigating differential gene expression included 
in this review also found increased expression levels of IFN-related genes, such as IFI44. 
Nevertheless, the diagnostic accuracy of the IFN-signature has so far deemed to be insuf-
ficient to have been incorporated in the standard diagnostic process for SLE. 

One study using a large multi-ethnic cohort managed to only marginally increase the 
diagnostic performance of conventional diagnostics using a polygenic risk score.98 
Potential reasons for this relative failure are differences between different ethnic back-
grounds, resulting in too much heterogeneity in the cohort, or the prevalence of different 
pathophysiological profiles resulting in different gene expression profiles. Similar to the 
other areas studied, it would be interesting to investigate changes in genetic expression 
profiles in pre-SLE patients, to answer the question whether these changes are drivers 
of pathology, accumulating over time to eventually cause disease, or merely an epiphe-
nomenon resulting from other pathophysiological manifestations, such as increased 
interferon production. Although the diagnostic performance of gene expression profiles 
might be limited, identification of these dysregulated pathways provides new potential 
drug targets.113 Furthermore, identification of which pathways are dysregulated in indi-
vidual patients has potential for use in precision medicine, tailored to the immunological 
changes in the individual. 

It is noteworthy that many of the studies investigating gene expression profiles included 
in this review used datasets from previous cohorts, accessible via the GEO database.87–97 
Most of these studies do not mention how or why they selected the specific GSE they 
chose to use for their analysis. Future studies would benefit from describing this selection 
process more clearly to reduce the suggestion of a selection bias. Additionally, future 
studies should report more clearly what type of cells are used in the GSEs they used 
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for their study. GSEs in the GEO database are most often derived from peripheral blood 
mononuclear cells (PBMCs) or whole blood (WB), with some smaller datasets investigat-
ing DEGs in other cell lines, such as CD4+ T-cells or B-cells. Some studies included in this 
review are using data from pediatric SLE cohorts without stating so.89,92,96 In one study, 
it seems that first-degree relatives of SLE patients, included in the cohort GSE24706, are 
classified as SLE patients.97 Comparing results from different cell lines and different popu-
lations might influence results and should be clearly stated if done so.

In our manuscript, we tried to accurately display the findings that were relevant to our 
research question of all included studies. This meant that for all included studies we 
primarily highlighted the findings that were related to diagnostic potential for patients 
with SLE. We emphasize that for some of the included studies, showing diagnostic 
potential for patients with SLE was not the main goal of their study. This has resulted in 
the omission of important or main findings of some of the studies in our review, as they 
did not fit within our narrow research question. Additionally, we did not include articles 
discussing biomarkers primarily aimed at predicting specific organ involvement, such as 
lupus nephritis or CLE, as this was beyond the scope of our review. Although our review 
focusses on biomarkers predicting the development of SLE, it is noteworthy that approx-
imately 15% of patients with CLE progress to SLE.114 A review by Zhu et al. describes an 
association between the presence of ANAs, anti-dsDNA, anti-Sm, antiRNP autoantibodies 
and an elevated erythrocyte sedimentation rate with progression from CLE to SLE.115 In 
our search, we found no additional studies describing biomarkers that predict the pro-
gression from CLE to SLE. 

Overall, with our review we have not found any recent studies into biomarkers that are 
likely to change the diagnostic process in the short term. Nevertheless, some studies 
show promising results, meriting further investigation. For example, the peptide SLE_p27 
outperformed anti-dsDNA and anti-Sm in diagnostic accuracy.21 Similarly, the serum 
levels of SIGLEC1 showed a good sensitivity and specificity for SLE, although the authors 
note that SIGLEC1 is a surrogate marker for IFN-I pathway activation and elevated lev-
els are also found in other inflammatory diseases or infections.39 Additionally, multiple 
studies investigating metabolomics in patients with SLE found AUCs of 0.95 or higher for 
several biomarkers, although these different studies do not identify the same metabolo-
mic biomarkers.47–52 

Most of the studies included in this review show differences between healthy controls 
and patients with an established diagnosis of SLE, often already undergoing treatment 
which might also influence the results. It often is assumed that the findings of the studies 
comparing biomarkers in SLE-patients with HCs are transferrable to the early diagnostic 
phases, although this is rarely investigated properly. Studies investigating immunological 
changes in patients in the period leading up to their SLE-diagnosis are very limited.5–19 
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A small number of these studies have specifically investigated predictors of progression 
from incomplete SLE to definite SLE, fulfilling classification criteria.14–19 A review by 
Lambers et al. provides a more extensive overview of these studies.116 These studies have 
identified some potentially predictive biomarkers for progression in this group, such as 
increased levels of anti-dsDNA and lowered C3 levels. However, these studies represent a 
very selective population and are commonly using small cohorts with a limited number 
of pre-SLE patients. 

One major improvement in diagnostic studies would be to perform studies using (serum) 
samples from pre-SLE patients, although this has significant methodological and logistic 
challenges, requiring large (population-based) cohorts with regular collection of bodily 
material. The 2023 EULAR SLE recommendations also named the establishment of pre-SLE 
cohorts as a key part of the future research agenda, to better be able to identify patients 
at risk to develop SLE and gain further insight into the disease development stage.117 The 
creation of such population based cohorts would likely be a costly endeavour, but could 
contribute to research projects not only in the field of SLE, but for many different diseases 
and would therefore serve many purposes. Additionally, the increasing potential and 
accessibility of artificial intelligence models also have the potential to aid in the develop-
ment of diagnostic multivariate models and the recognition of potential pre-SLE patients. 
To our knowledge, no data on newly established pre-SLE cohorts had been reported 
at the time of our search. It would be very interesting to further investigate promising 
biomarkers such as SLE_p27 and SIGLEC1 in pre-SLE cohorts. Although more elaborate to 
measure, changes in metabolomics in pre-SLE patients could also grant further insight in 
the pathophysiological process in the early stages of SLE. 



141

Recent Developments in the use of Biomarkers as Diagnostic Tools  
in Patients with Systemic Lupus Erythematosus; A Narrative Review

C
h

a
p

te
r 

7

REFERENCES

1.	 Aringer M, Costenbader KH, Daikh DI, et al. 2019 EULAR/ACR Classification Criteria for System-
ic Lupus Erythematosus. Arthritis Rheumatol. 2019;71(9):1400-1412. doi:10.1002/art.40930

2.	 Kapsala NN, Nikolopoulos DS, Flouda SP, et al. From first symptoms to diagnosis of systemic 
lupus erythematosus: mapping the journey of patients in an observational study. Clin Exp 
Rheumatol. 2023;41(1):74-81. doi:10.55563/clinexprheumatol/x3s9td

3.	 Kernder A, Richter JG, Fischer-Betz R, et al. Delayed diagnosis adversely affects outcome 
in systemic lupus erythematosus: Cross sectional analysis of the LuLa cohort. Lupus. 
2021;30(3):431-438. doi:10.1177/0961203320983445

4.	 Choi MY, Costenbader KH. Understanding the Concept of Pre-Clinical Autoimmunity: Predic-
tion and Prevention of Systemic Lupus Erythematosus: Identifying Risk Factors and Develop-
ing Strategies Against Disease Development. Front Immunol. 2022;13:890522. doi:10.3389/
fimmu.2022.890522

5.	 Arbuckle MR, McClain MT, Rubertone MV, et al. Development of autoantibodies before 
the clinical onset of systemic lupus erythematosus. N Engl J Med. 2003;349(16):1526-1533. 
doi:10.1056/NEJMoa021933

6.	 Eriksson C, Kokkonen H, Johansson M, Hallmans G, Wadell G, Rantapää-Dahlqvist S. Autoanti-
bodies predate the onset of systemic lupus erythematosus in northern Sweden. Arthritis Res 
Ther. 2011;13(1):R30. doi:10.1186/ar3258

7.	 Muñoz-Grajales C, Prokopec SD, Johnson SR, et al. Serological abnormalities that predict 
progression to systemic autoimmune rheumatic diseases in antinuclear antibody–positive 
individuals. Rheumatology (Oxford). 2022;61(3):1092-1105. doi:10.1093/rheumatology/
keab501

8.	 Munroe ME, Lu R, Zhao YD, et al. Altered type II interferon precedes autoantibody accrual and 
elevated type I interferon activity prior to systemic lupus erythematosus classification. Ann 
Rheum Dis. 2016;75(11):2014-2021. doi:10.1136/annrheumdis-2015-208140

9.	 Lu R, Munroe ME, Guthridge JM, et al. Dysregulation of innate and adaptive serum mediators 
precedes systemic lupus erythematosus classification and improves prognostic accuracy of 
autoantibodies. J Autoimmun. 2016;74:182-193. doi:10.1016/j.jaut.2016.06.001

10.	 Eriksson C, Rantapää-Dahlqvist S. Cytokines in relation to autoantibodies before 
onset of symptoms for systemic lupus erythematosus. Lupus. 2014;23(7):691-696. 
doi:10.1177/0961203314523869

11.	 Yusof MYM, Psarras A, El-Sherbiny YM, et al. Prediction of autoimmune connective tissue dis-
ease in an at-risk cohort: prognostic value of a novel two-score system for interferon status. 
Ann Rheum Dis. 2018;77(10):1432-1439. doi:10.1136/annrheumdis-2018-213386

12.	 Al Daabil M, Massarotti EM, Fine A, et al. Development of SLE among “potential SLE” patients 
seen in consultation: long-term follow-up. Int J Clin Pract. 2014;68(12):1508-1513. doi:10.1111/
ijcp.12466

13.	 Heinlen LD, McClain MT, Merrill J, et al. Clinical criteria for systemic lupus erythematosus 
precede diagnosis, and associated autoantibodies are present before clinical symptoms. 
Arthritis Rheum. 2007;56(7):2344-2351. doi:10.1002/art.22665

14.	 Vilá LM, Mayor AM, Valentín AH, García-Soberal M, Vilá S. Clinical outcome and predictors of 
disease evolution in patients with incomplete lupus erythematosus. Lupus. 2000;9(2):110-
115. doi:10.1191/096120300678828073

15.	 Li QZ, Zhou J, Wandstrat AE, et al. Protein array autoantibody profiles for insights into systemic 
lupus erythematosus and incomplete lupus syndromes. Clin Exp Immunol. 2007;147(1):60-70. 
doi:10.1111/j.1365-2249.2006.03251.x



142

Chapter 7

16.	 Olsen NJ, Li QZ, Quan J, Wang L, Mutwally A, Karp DR. Autoantibody profiling to follow evolu-
tion of lupus syndromes. Arthritis Res Ther. 2012;14(4):R174. doi:10.1186/ar3927

17.	 Bhattacharya J, Pappas K, Toz B, et al. Serologic features of cohorts with variable genetic risk 
for systemic lupus erythematosus. Mol Med. 2018;24(1):24. doi:10.1186/s10020-018-0019-4

18.	 Munroe ME, Young KA, Kamen DL, et al. Discerning Risk of Disease Transition in Relatives 
of Systemic Lupus Erythematosus Patients Utilizing Soluble Mediators and Clinical Features. 
Arthritis Rheumatol. 2017;69(3):630-642. doi:10.1002/art.40004

19.	 Hallengren CS, Nived O, Sturfelt G. Outcome of incomplete systemic lupus erythematosus 
after 10 years. Lupus. 2004;13(2):85-88. doi:10.1191/0961203304lu477oa

20.	 Yaniv G, Twig G, Shor DBA, et al. A volcanic explosion of autoantibodies in systemic lupus 
erythematosus: A diversity of 180 different antibodies found in SLE patients. Autoimmun Rev. 
2015;14(1):75-79. doi:10.1016/j.autrev.2014.10.003

21.	 Li X, Wang HX, Yin X, et al. Screening epitope peptides based on a phage-displayed random 
peptide and peptide microarrays to contribute to improving the diagnostic efficiency of sys-
temic  lupus erythematosus. Immunol Lett. 2023;259:30-36. doi:10.1016/j.imlet.2023.05.008

22.	 Zhan M, Wang Z, Bao H, et al. Antibodies against neutrophil extracellular traps (NETs) po-
tentiate clinical performance of anti-double-stranded DNA antibodies in systemic lupus  
erythematosus. Clin Immunol. 2023;249:109297. doi:10.1016/j.clim.2023.109297

23.	 Arcani R, Bertin D, Bardin N, et al. Anti-NuMA antibodies: clinical associations and significance 
in patients with primary Sjögren’s syndrome or systemic lupus erythematosus. Rheumatology 
(Oxford). 2021;60(9):4074-4084. doi:10.1093/rheumatology/keaa881

24.	 Becker YLC, Gagné JP, Julien AS, et al. Identification of Mitofusin 1 and Complement Com-
ponent 1q Subcomponent Binding Protein as Mitochondrial Targets in Systemic Lupus 
Erythematosus. Arthritis Rheumatol. 2022;74(7):1193-1203. doi:10.1002/art.42082

25.	 Li HL, Zhong LY, Kang YF, et al. Evaluation of serum Epstein-Barr virus envelope glycopro-
teins antibodies and their association with systemic autoimmune diseases. J Med Virol. 
2024;96(4):e29595. doi:10.1002/jmv.29595

26.	 Hakkim A, Fürnrohr BG, Amann K, et al. Impairment of neutrophil extracellular trap degra-
dation is associated with lupus nephritis. Proc Natl Acad Sci U S A. 2010;107(21):9813-9818. 
doi:10.1073/pnas.0909927107

27.	 Henning S, Westra J, Roozendaal C, et al. Immunoglobulin G/immunoglobulin M autoanti-
body ratios in incomplete systemic lupus erythematosus. Scand J Rheumatol. 2024;53(3):207-
216. doi:10.1080/03009742.2024.2321700

28.	 Gómez-Bañuelos E, Fava A, Andrade F. An update on autoantibodies in systemic lupus ery-
thematosus. Curr Opin Rheumatol. 2023;35(2):61-67. doi:10.1097/BOR.0000000000000922

29.	 Baysoy A, Bai Z, Satija R, Fan R. The technological landscape and applications of single-cell 
multi-omics. Nat Rev Mol Cell Biol. 2023;24(10):695-713. doi:10.1038/s41580-023-00615-w

30.	 Anchang CG, Xu C, Raimondo MG, et al. The Potential of OMICs Technologies for the Treatment 
of Immune-Mediated Inflammatory Diseases. Int J Mol Sci. 2021;22(14):7506. doi:10.3390/
ijms22147506

31.	 Lindblom J, Beretta L, Borghi MO, Alarcón-Riquelme ME, Parodis I. Serum profiling identifies 
CCL8, CXCL13, and IL-1RA as markers of active disease in patients with systemic lupus erythe-
matosus. Front Immunol. 2023;14:1257085. doi:10.3389/fimmu.2023.1257085

32.	 Zhao Y, Qi Y, Liu X, Cui Y, Zhao Z. Efficiency of Disease and Disease Activity Diagnosis 
Models of Systemic Lupus Erythematosus Based on Protein Array Analysis. J Immunol Res. 
2022;2022:1830431. doi:10.1155/2022/1830431



143

Recent Developments in the use of Biomarkers as Diagnostic Tools  
in Patients with Systemic Lupus Erythematosus; A Narrative Review

C
h

a
p

te
r 

7

33.	 He R, Tan X, Xiang J, et al. Semaphorin 4A as a Potential Biomarker for Diagnosis of Systemic 
Lupus Erythematosus. Immunol Invest. 2023;52(1):104-116. doi:10.1080/08820139.2022.2134
024

34.	 Homa-Mlak I, Mazurek M, Majdan A, Mlak R, Majdan M, Mełecka-Massalska T. Serum 
Calprotectin - a NET Product - as a Biomarker of Disease Activity in Patients with Systemic 
Lupus Erythematosus: A Single-Center Case-Control Study  from Poland. Med Sci Monit. 
2022;28:e936534. doi:10.12659/MSM.936534

35.	 Kamel SM, Abdel Azeem Abd Elazeem MEMI, Mohamed RA, Kamel MM, Abdel Aleem Ab-
delaleem EA. High serum leptin and adiponectin levels as biomarkers of disease progression 
in Egyptian patients with active systemic lupus erythematosus. Int J Immunopathol Pharma-
col. 2023;37:3946320231154988. doi:10.1177/03946320231154988

36.	 Li M, Zhang YJ, Liu DX, et al. Expression of caveolin family proteins in serum of patients with sys-
temic lupus erythematosus. Lupus. 2021;30(11):1819-1828. doi:10.1177/09612033211035508

37.	 San Antonio E, Silván J, Sevilla-Montero J, et al. PSGL-1, ADAM8, and selectins as potential bi-
omarkers in the diagnostic process of systemic lupus erythematosus and systemic sclerosis: 
an observational study. Front Immunol. 2024;15:1403104. doi:10.3389/fimmu.2024.1403104

38.	 Yang C, Li R, Xu WD, Huang AF. Increased levels of sirtuin-1 in systemic lupus erythematosus. 
Int J Rheum Dis. 2022;25(8):869-876. doi:10.1111/1756-185X.14360

39.	 Zorn-Pauly L, von Stuckrad ASL, Klotsche J, et al. Evaluation of SIGLEC1 in the diagnosis of 
suspected systemic lupus erythematosus. Rheumatology (Oxford). 2022;61(8):3396-3400. 
doi:10.1093/rheumatology/keab875

40.	 Lambers WM, Westra J, Arends S, et al. Persistent low complement levels and increased 
interferon gene expression are predictive for disease progression in patients with incom-
plete systemic lupus erythematosus. Joint Bone Spine. 2022;89(5):105381. doi:10.1016/j.
jbspin.2022.105381

41.	 Zhang X, Liu C, Yang J, et al. Potential biomarkers for diagnosis and assessment of dis-
ease activity in systemic lupus erythematosus. Int Immunopharmacol. 2022;111:109155. 
doi:10.1016/j.intimp.2022.109155

42.	 Ley K. The role of selectins in inflammation and disease. Trends Mol Med. 2003;9(6):263-268. 
doi:10.1016/S1471-4914(03)00071-6

43.	 Xiong YS, Cheng Y, Lin QS, et al. Increased expression of Siglec-1 on peripheral blood 
monocytes and its role in mononuclear cell reactivity to autoantigen in rheumatoid arthritis. 
Rheumatology (Oxford). 2014;53(2):250-259. doi:10.1093/rheumatology/ket342

44.	 Patti GJ, Yanes O, Siuzdak G. Metabolomics: the apogee of the omic triology. Nat Rev Mol Cell 
Biol. 2012;13(4):263-269. doi:10.1038/nrm3314

45.	 Noerman S, Landberg R. Blood metabolite profiles linking dietary patterns with health—To-
ward precision nutrition. J Intern Med. 2023;293(4):408-432. doi:10.1111/joim.13596

46.	 Scrivo R, Casadei L, Valerio M, Priori R, Valesini G, Manetti C. Metabolomics Approach in Al-
lergic and Rheumatic Diseases. Curr Allergy Asthma Rep. 2014;14(6):445. doi:10.1007/s11882-
014-0445-5

47.	 He J, Tang D, Liu D, et al. Serum proteome and metabolome uncover novel biomarkers for 
the assessment of disease activity and diagnosing of systemic lupus erythematosus. Clin 
Immunol. 2023;251:109330. doi:10.1016/j.clim.2023.109330

48.	 Li S, Ding H, Qi Z, et al. Serum Metabolic Fingerprints Characterize Systemic Lupus Erythema-
tosus. Adv Sci (Weinh). 2024;11(2):e2304610. doi:10.1002/advs.202304610

49.	 Liang J, Han Z, Feng J, et al. Targeted metabolomics combined with machine learning to iden-
tify and validate new biomarkers for early SLE diagnosis and disease activity. Clin Immunol. 
2024;264:110235. doi:10.1016/j.clim.2024.110235



144

Chapter 7

50.	 Wang Y, Guo F, Guo Y, et al. Untargeted lipidomics reveals specific lipid abnormalities in 
systemic lupus erythematosus. Clin Exp Rheumatol. 2022;40(5):1011-1018. doi:10.55563/
clinexprheumatol/ye2ua5

51.	 Zhang Q, Li X, Yin X, et al. Metabolomic profiling reveals serum L-pyroglutamic acid as a 
potential diagnostic biomarker for systemic lupus erythematosus. Rheumatology (Oxford). 
2021;60(2):598-606. doi:10.1093/rheumatology/keaa126

52.	 Zhang W, Zhao H, Du P, et al. Integration of metabolomics and lipidomics reveals serum bio-
markers for systemic lupus erythematosus with different organs involvement. Clin Immunol. 
2022;241:109057. doi:10.1016/j.clim.2022.109057

53.	 Li Y, Ma C, Liao S, et al. Combined proteomics and single cell RNA-sequencing analysis to 
identify biomarkers of disease diagnosis and disease exacerbation for systemic lupus  erythe-
matosus. Front Immunol. 2022;13:969509. doi:10.3389/fimmu.2022.969509

54.	 Zhou G, Wei P, Lan J, et al. TMT-based quantitative proteomics analysis and potential serum 
protein biomarkers for systemic lupus erythematosus. Clin Chim Acta. 2022;534:43-49. 
doi:10.1016/j.cca.2022.06.031

55.	 Kim JW, Baek WY, Jung JY, Kim HA, Lee SW, Suh CH. Longitudinal assessment of urinary AL-
CAM, HPX, and PRDX6 in Korean patients with systemic lupus erythematosus: implications 
for disease activity monitoring and  treatment response. Front Immunol. 2024;15:1369385. 
doi:10.3389/fimmu.2024.1369385

56.	 Lee JS, Lee EJ, Yeom J, et al. Urine β-2-glycoprotein 1 as a biomarker for diagnosis of systemic 
lupus erythematosus. Lupus. 2021;30(8):1306-1313. doi:10.1177/09612033211014268

57.	 Kim JW, Jung JY, Lee SW, Baek WY, Kim HA, Suh CH. S100A8 in Serum, Urine, and Saliva as 
a Potential Biomarker for Systemic Lupus Erythematosus. Front Immunol. 2022;13:886209. 
doi:10.3389/fimmu.2022.886209

58.	 Chen DY, Huang YH, Chen YM, et al. ANA positivity and complement level in pleural fluid are 
potential diagnostic markers in discriminating lupus pleuritis from pleural effusion of other 
aetiologies. Lupus Sci Med. 2021;8(1):e000562. doi:10.1136/lupus-2021-000562

59.	 Song W, Wu F, Yan Y, et al. Gut microbiota landscape and potential biomarker identification in 
female patients with systemic lupus erythematosus using machine learning. Front Cell Infect 
Microbiol. 2023;13:1289124. doi:10.3389/fcimb.2023.1289124

60.	 Sprenkeler EGG, Zandstra J, van Kleef ND, et al. S100A8/A9 Is a Marker for the Release of 
Neutrophil Extracellular Traps and Induces Neutrophil Activation. Cells. 2022;11(2):236. 
doi:10.3390/cells11020236

61.	 Gaastra W, Kusters JG, van Duijkeren E, Lipman LJA. Escherichia fergusonii. Vet Microbiol. 
2014;172(1):7-12. doi:10.1016/j.vetmic.2014.04.016

62.	 O’Brien J, Hayder H, Zayed Y, Peng C. Overview of MicroRNA Biogenesis, Mechanisms of Ac-
tions, and Circulation. Front Endocrinol (Lausanne). 2018;9:402. doi:10.3389/fendo.2018.00402

63.	 Ibrahim MRK, Waly NG, Moness H, Ahmed SS, Ibrahem R. Serum miRNA-21, miRNA-146a 
and plasma cell free DNA as novel biomarkers for assessing systemic lupus erythematosus 
activity. Mol Biol Rep. 2023;50(12):10025-10036. doi:10.1007/s11033-023-08845-z

64.	 Abdul-Maksoud RS, Rashad NM, Elsayed WSH, Ali MA, Kamal NM, Zidan HE. Circulating miR-
181a and miR-223 expression with the potential value of biomarkers for the diagnosis of 
systemic lupus erythematosus and predicting lupus  nephritis. J Gene Med. 2021;23(5):e3326. 
doi:10.1002/jgm.3326

65.	 Li QJ, Chau J, Ebert PJR, et al. miR-181a Is an Intrinsic Modulator of T Cell Sensitivity and 
Selection. Cell. 2007;129(1):147-161. doi:10.1016/j.cell.2007.03.008



145

Recent Developments in the use of Biomarkers as Diagnostic Tools  
in Patients with Systemic Lupus Erythematosus; A Narrative Review

C
h

a
p

te
r 

7

66.	 Johnnidis JB, Harris MH, Wheeler RT, et al. Regulation of progenitor cell proliferation and 
granulocyte function by microRNA-223. Nature. 2008;451(7182):1125-1129. doi:10.1038/
nature06607

67.	 Yan L, Jiang L, Wang B, et al. Novel microRNA biomarkers of systemic lupus erythematosus 
in plasma: miR-124-3p and miR-377-3p. Clin Biochem. 2022;107:55-61. doi:10.1016/j.clinbio-
chem.2022.05.004

68.	 Udhaya Kumar S, Thirumal Kumar D, Siva R, et al. Dysregulation of Signaling Pathways Due to 
Differentially Expressed Genes From the B-Cell Transcriptomes of Systemic Lupus Erythema-
tosus Patients - A Bioinformatics Approach. Front Bioeng Biotechnol. 2020;8:276. doi:10.3389/
fbioe.2020.00276

69.	 Zhou S, Zhang J, Luan P, et al. miR-183-5p Is a Potential Molecular Marker of Systemic Lupus 
Erythematosus. J Immunol Res. 2021;2021:5547635. doi:10.1155/2021/5547635

70.	 Ichiyama K, Gonzalez-Martin A, Kim BS, et al. The MicroRNA-183-96-182 Cluster Promotes T 
Helper 17 Cell Pathogenicity by Negatively Regulating Transcription Factor Foxo1 Expression. 
Immunity. 2016;44(6):1284-1298. doi:10.1016/j.immuni.2016.05.015

71.	 Jenike AE, Halushka MK. miR-21: a non‐specific biomarker of all maladies. Biomark Res. 
2021;9(1):18. doi:10.1186/s40364-021-00272-1

72.	 Yu CY, Kuo HC. The emerging roles and functions of circular RNAs and their generation. J 
Biomed Sci. 2019;26(1):29. doi:10.1186/s12929-019-0523-z

73.	 Jiang Z, Zhong Z, Miao Q, et al. circPTPN22 as a novel biomarker and ceRNA in peripheral 
blood mononuclear cells of rheumatoid arthritis. Mol Med Rep. 2021;24(2):617. doi:10.3892/
mmr.2021.12256

74.	 Jiang Z, Li S, Jia Y, et al. CircPTPN22 modulates T-cell activation by sponging miR-4689 to 
regulate S1PR1 expression in patients with systemic lupus erythematosus. Arthritis Res Ther. 
2023;25(1):206. doi:10.1186/s13075-023-03150-3

75.	 Luo Q, Li X, Fu B, et al. Expression profile and diagnostic value of circRNAs in peripheral blood 
from patients with systemic lupus erythematosus. Mol Med Rep. 2021;23(1):1. doi:10.3892/
mmr.2020.11639

76.	 Luo Q, Ye Y, Zhang L, et al. Hsa_circ_0044235 and hsa_circ_0001947 as novel biomarkers 
in plasma of patients with new-onset systemic lupus erythematosus. J Immunotoxicol. 
2023;20(1):2196453. doi:10.1080/1547691X.2023.2196453

77.	 Li W, Fan R, Zhou C, et al. Circular RNA expression profile of systemic lupus erythematosus and 
its clinical significance as a potential novel biomarker. Genes Genomics. 2022;44(11):1405-
1414. doi:10.1007/s13258-022-01315-z

78.	 Ma S, Feng G, Li L, et al. Downregulation of circETS1 disrupts Th17/Treg homeostasis by 
inhibiting FOXP3 transcription: A new potential biomarker in systemic lupus erythematosus. 
Lupus. 2023;32(12):1430-1439. doi:10.1177/09612033231207545

79.	 Mattick JS, Amaral PP, Carninci P, et al. Long non-coding RNAs: definitions, functions, chal-
lenges and recommendations. Nat Rev Mol Cell Biol. 2023;24(6):430-447. doi:10.1038/s41580-
022-00566-8

80.	 Peng XC, Ma LL, Miao JY, Xu SQ, Shuai ZW. Differential lncRNA profiles of blood plasma-de-
rived exosomes from systemic lupus erythematosus. Gene. 2024;927:148713. doi:10.1016/j.
gene.2024.148713

81.	 You Y, Zhao X, Wu Y, et al. Integrated Transcriptome Profiling Revealed That Elevated Long 
Non-Coding RNA-AC007278.2 Expression Repressed CCR7 Transcription in Systemic Lupus  
Erythematosus. Front Immunol. 2021;12:615859. doi:10.3389/fimmu.2021.615859



146

Chapter 7

82.	 Zhu X, Chen Y, Yin Z, et al. Novel potential lncRNA biomarker in B cells indicates essential 
pathogenic pathway activation in patients with SLE. Lupus Sci Med. 2024;11(1):e001065. 
doi:10.1136/lupus-2023-001065

83.	 Jiang L, Qi A, Yang H, et al. LncRNA SNHG1 serves as a biomarker for systemic lupus erythema-
tosus and participates in the disease progression. APMIS. 2024;132(7):507-514. doi:10.1111/
apm.13410

84.	 Mahmoud RH, Fouad NA, Hefzy EM, et al. The potential role of serum expression profile of 
long non coding RNAs, Cox2 and HOTAIR as novel diagnostic biomarkers in systemic lupus 
erythematosus. PLoS One. 2022;17(8):e0268176. doi:10.1371/journal.pone.0268176

85.	 Wang Y, He J, Ma H, et al. NR_103776.1 as a novel diagnostic biomarker for systemic lupus 
erythematosus. Ir J Med Sci. 2024;193(1):211-221. doi:10.1007/s11845-023-03420-8

86.	 Yang H, Wang S, Wang F, Bai X, Ren J. Serum long non-coding Ribonucleic Acid H19 serves as 
a biomarker for systemic lupus erythematosus and participates in the disease progression. 
Lupus. 2024;33(7):675-684. doi:10.1177/09612033241243175

87.	 Chen W, Li ZY, Huang L, et al. Integrative Bioinformatics Analysis Identifies DDX60 as a 
Potential Biomarker for Systemic Lupus Erythematosus. Dis Markers. 2023;2023:8564650. 
doi:10.1155/2023/8564650

88.	 Fu Q, He Q, Dong Q, et al. The role of cyclic GMP-AMP synthase and Interferon-I-inducible 
protein 16 as candidatebiomarkers of systemic lupus erythematosus. Clin Chim Acta. 
2022;524:69-77. doi:10.1016/j.cca.2021.11.003

89.	 Meng XW, Cheng ZL, Lu ZY, Tan YN, Jia XY, Zhang M. MX2: Identification and systematic mech-
anistic analysis of a novel immune-related biomarker for systemic lupus erythematosus. Front 
Immunol. 2022;13:978851. doi:10.3389/fimmu.2022.978851

90.	 Shen M, Duan C, Xie C, et al. Identification of key interferon-stimulated genes for indicating 
the condition of patients with systemic lupus erythematosus. Front Immunol. 2022;13:962393. 
doi:10.3389/fimmu.2022.962393

91.	 Sun HW, Zhang X, Shen CC. The shared circulating diagnostic biomarkers and molecular 
mechanisms of systemic lupus erythematosus and inflammatory bowel disease. Front Im-
munol. 2024;15:1354348. doi:10.3389/fimmu.2024.1354348

92.	 Wei M, Dong Q, Chen S, Wang J, Yang H, Xiong Q. Identification of Key Biomarkers in Sys-
temic Lupus Erythematosus by a Multi-Cohort Analysis. Front Immunol. 2022;13:928623. 
doi:10.3389/fimmu.2022.928623

93.	 Yang Y, Zhang H, Xiao X, Guo M. Identification of EPSTI1 as a new potential biomarker for 
SLE based on GEO database. Clin Rheumatol. 2024;43(5):1531-1540. doi:10.1007/s10067-024-
06881-z

94.	 Zhang W, Liang G, Zhou H, et al. Identification of potential biomarkers for systemic lupus ery-
thematosus by integrated analysis of gene expression and methylation data. Clin Rheumatol. 
2023;42(5):1423-1433. doi:10.1007/s10067-022-06495-3

95.	 Zhao X, Zhang L, Wang J, et al. Identification of key biomarkers and immune infiltration in sys-
temic lupus erythematosus by integrated bioinformatics analysis. J Transl Med. 2021;19(1):35. 
doi:10.1186/s12967-020-02698-x

96.	 Zhao X, Duan L, Cui D, Xie J. Exploration of biomarkers for systemic lupus erythematosus by 
machine-learning analysis. BMC Immunol. 2023;24(1):44. doi:10.1186/s12865-023-00581-0

97.	 Zhong Y, Zhang W, Hong X, et al. Screening Biomarkers for Systemic Lupus Erythematosus 
Based on Machine Learning and Exploring Their Expression Correlations With the Ratios of 
Various Immune  Cells. Front Immunol. 2022;13:873787. doi:10.3389/fimmu.2022.873787



147

Recent Developments in the use of Biomarkers as Diagnostic Tools  
in Patients with Systemic Lupus Erythematosus; A Narrative Review

C
h

a
p

te
r 

7

98.	 Khunsriraksakul C, Li Q, Markus H, et al. Multi-ancestry and multi-trait genome-wide asso-
ciation meta-analyses inform clinical risk prediction for systemic lupus erythematosus. Nat 
Commun. 2023;14(1):668. doi:10.1038/s41467-023-36306-5

99.	 Nocturne G, Mariette X. Interferon signature in systemic autoimmune diseases: what does it 
mean? RMD Open. 2022;8(2):e002687. doi:10.1136/rmdopen-2022-002687

100.	 Jie J, Gong Y, Luo S, Yang X, Guo K. Genetically predicted associations between circulating 
cytokines and autoimmune diseases: a bidirectional two-sample Mendelian randomization. 
Front Immunol. 2024;15:1404260. doi:10.3389/fimmu.2024.1404260

101.	 Moore LD, Le T, Fan G. DNA Methylation and Its Basic Function. Neuropsychopharmacology. 
2013;38(1):23-38. doi:10.1038/npp.2012.112

102.	 Ehtesham N, Alesaeidi S, Mohammad Zadeh D, et al. Significant heightened methylation 
levels of RUNX3 gene promoter in patients with systemic lupus erythematosus. Lupus. 
2024;33(6):547-554. doi:10.1177/09612033241241850

103.	 Gravand A, Alesaeidi S, Khoshbakht S, et al. Demethylation of CDKN2A in systemic lupus 
erythematosus and rheumatoid arthritis: a blood biomarker for diagnosis and assessment of 
disease activity. Clin Rheumatol. 2023;42(12):3387-3395. doi:10.1007/s10067-023-06736-z

104.	 Li QL, Ito K, Sakakura C, et al. Causal Relationship between the Loss of RUNX3 Expression and 
Gastric Cancer. Cell. 2002;109(1):113-124. doi:10.1016/S0092-8674(02)00690-6

105.	 Lau QC, Raja E, Salto-Tellez M, et al. RUNX3 Is Frequently Inactivated by Dual Mechanisms 
of Protein Mislocalization and Promoter Hypermethylation in Breast Cancer. Cancer Res. 
2006;66(13):6512-6520. doi:10.1158/0008-5472.CAN-06-0369

106.	 Mistry P, Kaplan MJ. Cell death in the pathogenesis of systemic lupus erythematosus and 
lupus nephritis. Clin Immunol. 2017;185:59-73. doi:10.1016/j.clim.2016.08.010

107.	 Chen L, Zhernakova DV, Kurilshikov A, et al. Influence of the microbiome, diet and genetics 
on inter-individual variation in the human plasma metabolome. Nat Med. 2022;28(11):2333-
2343. doi:10.1038/s41591-022-02014-8

108.	 Bordag N, Klie S, Jürchott K, et al. Glucocorticoid (dexamethasone)-induced metabo-
lome changes in healthy males suggest prediction of response and side effects. Sci Rep. 
2015;5(1):15954. doi:10.1038/srep15954

109.	 Wong CY, Ma BMY, Zhang D, Cheung W, Chan TM, Yap DYH. Cardiovascular risk factors and 
complications in patients with systemic lupus erythematosus with and without nephritis: 
a systematic review and meta-analysis. Lupus Sci Med. 2024;11(1):e001152. doi:10.1136/
lupus-2024-001152

110.	 Vinuesa CG, Shen N, Ware T. Genetics of SLE: mechanistic insights from monogenic disease 
and disease-associated variants. Nat Rev Nephrol. 2023;19(9):558-572. doi:10.1038/s41581-
023-00732-x

111.	 Baechler EC, Batliwalla FM, Karypis G, et al. Interferon-inducible gene expression signature in 
peripheral blood cells of patients with severe lupus. Proc Natl Acad Sci U S A. 2003;100(5):2610-
2615. doi:10.1073/pnas.0337679100

112.	 Nguyen CQ, Peck AB. The Interferon-Signature of Sjögren’s Syndrome: How Unique Biomark-
ers Can Identify Underlying Inflammatory and Immunopathological Mechanisms of Specific 
Diseases. Front Immunol. 2013;4:142. doi:10.3389/fimmu.2013.00142

113.	 Lindblom J, Toro-Domínguez D, Carnero-Montoro E, et al. Distinct gene dysregulation pat-
terns herald precision medicine potentiality in systemic lupus erythematosus. J Autoimmun. 
2023;136:103025. doi:10.1016/j.jaut.2023.103025

114.	 Curtiss P, Walker AM, Chong BF. A Systematic Review of the Progression of Cutaneous 
Lupus to Systemic Lupus Erythematosus. Front Immunol. 2022;13:866319. doi:10.3389/fim-
mu.2022.866319



148

Chapter 7

115.	 Zhu JL, Black SM, Chong BF. Role of biomarkers in the diagnosis and prognosis of patients 
with cutaneous lupus erythematosus. Ann Transl Med. 2021;9(5):429-429. doi:10.21037/atm-
20-5232

116.	 Lambers WM, Westra J, Bootsma H, de Leeuw K. From incomplete to complete systemic 
lupus erythematosus; A review of the predictive serological immune markers. Semin Arthritis 
Rheum. 2021;51(1):43-48. doi:10.1016/j.semarthrit.2020.11.006

117.	 Fanouriakis A, Kostopoulou M, Andersen J, et al. EULAR recommendations for the man-
agement of systemic lupus erythematosus: 2023 update. Ann Rheum Dis. 2024;83(1):15-29. 
doi:10.1136/ard-2023-224762







8
General Discussion





153

General Discussion

C
h

a
p

te
r 

8

GENERAL DISCUSSION

General introduction to the discussion
The diagnostic process for patients with SLE is often difficult, frequently resulting in a 
delay between the constitution of the first symptoms to the eventual diagnosis of several 
years.1,2 Better methods to diagnose patients with SLE in an early stage would reduce 
the burden of early disease and potentially prevent accumulation of organ damage.3 
After the diagnosis, there is often also uncertainty about the future. There is a need for 
biomarkers that can be used to improve the diagnostic process, and biomarkers that can 
predict the course of the disease and response to treatment, as both the course of the 
disease and whether specific medication will work well for individual patients are cur-
rently impossible to predict.

In this thesis, I explored a novel method to extrapolate relevant clinical information from 
the electronic health records (EHR) in an automated fashion for research purposes, and 
explored the use of autoantibodies to immunologically profile patients with SLE (Figure 
1). The goal of the creation of such profiles is to identify profiles that can be used to im-
prove the diagnostic process, aid in predicting the course of the disease, and hopefully 
pave the way to the implementation of precision medicine for patients with SLE. 

Methodology / epidemiology
SLE has an estimated prevalence of approximately 43.7 per 100.000 persons worldwide, 
with some notable regional differences.4–6 Due to the relative rarity of the disease, re-
search into SLE can be challenging, as the number of patients able to participate in stud-
ies is limited. Therefore, it is of importance to effectively utilize the data that is available.

Instead of gathering new data for each research question, research can also be per-
formed using data that is already available. Retrospective cohort studies in general are 
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performed by manual patient chart review of electronic health records (EHR). This has 
been the golden standard for this type of research for years, because of the reliability and 
ability to assess nuances and interpret the data in the EHR. The main downsides of the 
method are the large time investment needed to examine the records and inter-observer 
variability. 

In Chapter 2, we explored the use of a novel method to extrapolate relevant clinical in-
formation from the electronic health records (EHR) in an automated fashion for research 
purposes. We show that a text mining algorithm can be used to assess the diagnosis 
recorded in the EHR of patients with autoimmune diseases. The text mining algorithm 
largely ameliorates the downsides associated with manual patient chart review, as it is 
much faster in scanning the data from the EHR and has no inter- or intra-observer varia-
bility. In theory, a well-functioning text mining algorithm also has the additional benefit 
of being relatively easy to adapt in order to facilitate data evaluation for amended or 
expanded research questions. With the use of manual patient chart review, this would 
require a complete revision of all patient charts. Additionally, a portable algorithm would 
facilitate replication or expansion of single centre retrospective cohort studies in different 
centres by greatly reducing the effort needed for such studies. 

Text mining algorithms can be used to extract many different valuable resources from the 
EHR, ranging from relatively simple single outcomes such as the smoking status of pa-
tients, to the more elaborate task of screening cohorts of patients for potential inclusion 
in research trials.7,8 We show that a text mining algorithm can even be used accurately to 
identify patients in a complex disease such as SLE. Nevertheless, the reliability of our al-
gorithm, as well as the reliability of similar methods of automated data extraction of free 
text from the EHR, could use improvement. For example, our algorithm had a sensitivity 
and specificity of approximately 95% to discern the presence of SLE, meaning that 5% of 
patients were misclassified by the algorithm. Although this is only a small percentage, 
it shows that it is still inferior to the golden standard of manual patient chart review. In 
our study, we used a relatively simple rule-based algorithm to assess the diagnoses of 
the included patients. Recently, artificial intelligence (AI) tools that use Natural Language 
Processing (NLP), are increasingly being used for the same purpose as our algorithm, to 
extract relevant clinical information from the EHR.9 Although this field is very much still 
in development, it is likely that these NLP models will further improve on and expand the 
useability of models made for extracting data from the EHR.10 

A good functioning algorithm to extract relevant information from the EHR has a lot of 
potential. In our studies, we use it to identify and classify patients for research purposes. 
It could also potentially be used to create models to identify patients with early signs of a 
disease such as SLE or patients that exhibit early signs of adverse events or flares, or iden-
tify patients that might benefit from tapering treatment. Ideally, this would evaluate the 
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data from the EHR on a regular basis, as a real-life monitoring tool. Although these tools 
should not be used to make diagnoses on their own, they might assist the healthcare pro-
fessional in identifying patients that exhibit symptoms fitting a specific pattern associat-
ed with an autoimmune disease. Implementation of algorithm-assisted decision making 
has been investigated in particular in image analysis. For example, studies have shown 
that such models can increase the diagnostic accuracy of stress echocardiographs and 
in diabetic retinopathy, compared to the clinicians alone.11,12 It is reasonable to assume 
that similar methods could be used to evaluate the text from the EHR to assist clinicians 
in their decision making. The principle of using readily available clinical data for a real-life 
monitoring tool to assist in clinical decision making is currently being investigated by 
researchers from our department, who have developed a dynamic flare prediction model 
to predict flares during tapering of disease-modifying antirheumatic drugs (DMARDs) 
in rheumatoid arthritis. This model currently does not use free text recorded in the EHR, 
and could potentially be improved further by implementing automated evaluation of key 
features in the free text of the EHR.13 Our study and similar studies show that relevant 
research data is readily available and extractable from the EHR. However, a major hurdle 
for the large-scale implementation of these models is portability. Automated data extrac-
tion models have problems with portability due to the differences in digital infrastructure 
in different hospitals, meaning that any digital solution needs to be amended in new 
situations to fit this digital infrastructure. 

The large-scale implementation of such models would require systemic effort of the 
healthcare industry. Future EHRs should be designed in a uniform manner. Not only 
would this facilitate easy portability of data extraction methods for research, but it would 
also facilitate easy data exchange between healthcare providers. Currently, it is very dif-
ficult to exchange patient records between health care providers, for a large part due to 
the differences in EHR systems. This results in an inability for hospital personnel to easily 
access potentially clinically relevant data from the General Practitioner, as well as data 
from other hospitals the patient might have previously been in care, for example after 
moving or in emergency situations. Currently, this problem is ameliorated by the transfer 
of medical letters containing summaries of the patient’s history. Although these are very 
useful, these summaries can be incomplete and miss important details, and because of 
the inability to import them easily, they might be harder to find in the EHR (for example 
under “imported documents”, rather than under “medical letters”). A uniformly designed 
EHR would enable easy access to data from other healthcare providers, both for regular 
care and research purposes. 

Implementation of these models would also require significant effort of healthcare per-
sonnel, as they are the main providers of input in the EHR. Both manual patient chart 
review and automated data extraction are heavily reliant on the quality of the data 
recorded in the EHR, as inaccurate or incomplete data recorded in the EHR will result in 
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inaccurate or incomplete outcomes during data extraction. Medical organisations, such 
as the EULAR, already have recommendations for what clinical information should be 
recorded during each patient visit. I would suggest that these recommendations should 
be revisited to discuss what additional data should be recorded for research purposes. 
It is important to also take the patients perspective into consideration in this effort, as 
the patients’ needs are not always reflected properly on the research agenda of medical 
professionals. For example, research often focusses more on concretely measurable out-
comes such as biomarkers, whereas patients with SLE structurally report the difficultly 
measurable fatigue as one of the main factors impacting their quality of life.14,15 

If a uniform EHR is adopted, the resulting recommendations could be translated into 
a template that can be used at each patient visit to record these data. Although it is 
naïve to assume that such a template would result in no missing data, due to various 
reasons such as time constraints, it is likely that it would reduce missing data and provide 
semi-structured data for research. Uniformity of the clinical data should enable (inter)
national cooperation between hospitals. The corresponding medical organisations could 
play a coordinating role for researchers wanting to do research on large datasets from 
multiple hospitals to further facilitate these efforts.

Autoantibodies and other biomarkers
Autoantibodies, and in particular anti-dsDNA antibodies, have long been a hallmark 
immunological manifestation associated with SLE. As early as 1957, it was reported that 
serum of patients with SLE reacted with DNA, leading to the suggestion that this reaction 
was the result of the presence of autoantibodies against DNA or nucleoproteins.16 In the 
following years, over 100 different autoantibodies that are associated with SLE have been 
discovered.17 Many of these antibodies target nuclear proteins, and can therefore be 
characterized as antinuclear antibodies (ANAs). The presence of ANAs is associated with 
a number of different autoimmune diseases, with different specific antibodies associated 
with different (although sometimes multiple) diseases. Despite these associations, pres-
ence of these specific ANAs alone is generally insufficient to make a diagnosis, as this 
often requires the presence of a number of other symptoms or immunological manifesta-
tions to be present as well. 

Autoantibodies are believed to play a central role in the pathophysiology in autoimmune 
diseases. Previous studies have shown that ANAs can be present very early in the dis-
ease, frequently even preceding the first symptoms of the disease by several years. For 
example, Arbuckle et al. showed that ANAs were present in the serum of approximately 
80% of SLE patients, several years before their eventual diagnosis, which suggests a great 
predictive value of ANAs for the development of SLE.18 
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In their article, Arbuckle et al. hypothesize that there are (at least) three phases in the 
development of autoantibodies, going from normal immunity to benign (asymptomatic) 
autoimmunity, to pathological autoimmunity and eventually reaching clinical illness. 
They suggest that some autoantibodies that are not as stringently linked to autoimmune 
diseases might present in the phase of benign autoimmunity, whereas more ominous 
usually autoantibodies present in the phase of pathological autoimmunity. 

However, the presence of ANAs is not exclusive to (future) patients with autoimmune 
diseases, as ANAs can be found in up to 20% of healthy individuals in the general popula-
tion, severely limiting their potential use as a screening tool in the general population.19,20 
According to the theory of Arbuckle et al., these healthy individuals are likely exhibiting 
benign autoimmunity. It is likely that many patients who visit the Rheumatology outpa-
tient clinic experience some level of benign or even pathological autoimmunity, without 
being outright diagnosed with an autoimmune disease.

In Chapter 5, we tried to answer the question how many undiagnosed individuals with 
benign or pathological autoimmunity progress to developing an actual autoimmune 
disease. We found that only a small number of patients progress from having symptoms 
associated with an autoimmune disease to actually being diagnosed with that disease. 
However, we found that most patients that did develop an autoimmune disease had 
positive ANAs, and in particular more frequently had specific ANAs that were associated 
with the symptoms they were experiencing. 

We also show that new antibodies are unlikely to form after the initial ANA test has been 
used, suggesting that the establishment of the autoantibodies precedes the symptoms 
of the patients, as that is usually the moment patients will visit a doctor. Furthermore, 
very little patients that developed new ANAs later in their disease course. Similar to a 
study by Yeo et al., which showed that only 1.1% of patients had a clinically relevant result 
of a repeated ANA test.21 This indicates that repeated ANA testing is of limited use, as 
formation of relevant autoantibodies usually precedes the moment of initial testing for 
autoantibodies. A new diagnostic strategy could involve testing patients only once for 
ANAs when they are experiencing symptoms associated with an ANA-related disease. If 
the symptoms of the patient are insufficient to establish a diagnosis at that time and no 
specific ANAs are found that are associated with the suspected disease, the patient could 
likely be released from care safely and should not have to remain in follow-up. Although 
in our study only 12.5% of the patient with specific ANAs associated with their suspected 
disease eventually were diagnosed with this disease, this strategy would drastically lower 
the number of patients that are kept in follow-up.

Although the predictive value of individual ANAs for the development of autoimmune 
diseases might be limited, their potential might be amplified by using multiple ANAs 
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simultaneously to develop autoantibody profiles. In Chapter 4, we showed that many 
future SLE patients exhibit an autoantibody profile that can be used to identify them, 
even before the time of their eventual diagnosis. In our study, we used a lasso regression 
model to develop autoantibody profiles to distinguish patients with SLE and two different 
control groups. The Non-IMID group consisted of patients visiting the outpatient clinic 
with symptoms vaguely related to SLE, and the BBD group consisted of healthy blood 
bank donors. 

The reason we used these two different groups is the presumed difference in (subclinical) 
autoimmunity between these two groups. The BBD group were healthy blood bank do-
nors with little to no expected autoimmunity, whereas the Non-IMID group were actual 
patients visiting the hospital because of complaints that could, although not likely, be 
related to an autoimmune disease. We presumed the second group would display a 
higher level of (subclinical) autoimmunity, which would therefore influence the results 
of the final model. Furthermore, a model that would be able to identify (future) patients 
with SLE out of a group of patients suspected of having SLE, would have more clinical rel-
evance than being able to identify these (future) patients out of the general population. 
Our assumption that the BBD group would display a different level of autoimmunity is 
corroborated in Figure 1 (page 67), where the UMAP graph shows the BBD group cluster-
ing distinctly from the Non-IMID group. This is an important distinction and something 
that sets our study apart from similar studies), as most studies compare both ends of the 
autoimmunity spectrum by comparing patients solely with healthy controls, rather than 
with non-diagnosed patients. 22–24

In Chapter 3, we also investigated the contribution of individual autoantibodies to the 
regression model. Besides a number of autoantibodies well known to be associated with 
SLE, we also found a high prevalence of antibodies against CpG oligodeoxynucleotides 
(ODNs), with a strong contribution to the regression model. CpG ODNs are known to 
stimulate TLR9, which is expressed in both B-cells and plasmacytoid dendritic cells (pDCs). 
pDCs are known to be able to produce large amounts of type I interferons, and play an 
important role in the constitution of the IFN-signature in patients with SLE.25 Interestingly 
however, other studies have shown that the TLR9-mediated type I IFN production of 
pDCs of SLE patients is attenuated compared to healthy controls, whereas TLR7-mediated 
stimulation is upregulated in patients with SLE and appears to have a positive feedback 
loop.26–28 In Chapter 6, we further investigated the associations between different au-
toantibodies and the IFN signature. We found that antibodies against EphB2, RipP1, and 
RNP70 were positively associated with a high IFN score. RipP1 and RNP70 are both (part 
of ) RNA-binding proteins. RNA is a ligand for TLR7, further suggesting that the IFN-signa-
ture in patients with SLE is largely driven by TLR7, rather than by TLR9.29
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Studies have also shown that in B-cells, TLR9 activation appears to have a tolerogenic 
effect.30–33 This tolerogenic effect of TLR9 in B-cells might be caused by antagonism of 
TLR7, as TLR9 stimulation restrains TLR7 signalling.34,35 However, in patients with SLE, this 
immunomodulatory function of TLR9 in B-cells might be impaired, as Gies et al. showed 
that B-cells from SLE patients displayed defective TLR9 responses, resulting in more 
pro-inflammatory and less anti-inflammatory responses.32 TLR9 appears to have a dual 
function in the pathogenesis of SLE, where it functions pro-inflammatory by stimulating 
IFN production in pDCs, although limited compared to healthy patients, but immuno-
modulating in B-cells by limiting TLR7 signalling. TLR7 and TLR9 are known target for 
pharmacological treatment in SLE, as hydroxychloroquine functions as a TLR7 and TLR9 
antagonist.36 

Despite, or more likely because of, their apparent role in the pathophysiology of SLE, 
autoantibodies have proven to be an important tool in the combatting of the disease. 
In Chapter 7, we reviewed recent developments in the field of autoantibodies, as well 
as other diagnostic biomarkers such as microRNAs and genetic markers. These biomark-
ers can be used to construct immunological profiles to improve diagnostics and result 
in earlier diagnoses and start of treatment. These immunological profiles also have the 
potential to provide insight into the pathophysiological mechanisms that are at play in 
individual patients, which could also facilitate further improvements in the treatment of 
individual patients: precision medicine.

Towards precision medicine in SLE
In 1999, reporters Robert Langreth and Michael Waldholz introduced the term “person-
alized medicine” in an article in The Wall Street Journal.37 Their article, called “New Era of 
Personalized Medicine: Targeting Drugs for Each Unique Genetic Profile” (later repub-
lished in The Oncologist), describes the creation of a consortium of drug companies and 
several academic institutions, which aimed to distinguish the genetic variability among 
individuals to improve the safety and potency of drugs. The idea was that increased 
knowledge of the genetic makeup of the individual patients would help identify patients 
likely to respond well to specific drugs, as well as help to create drugs designed to target 
specific genetic profiles. Nowadays, personalized medicine is often called “precision 
medicine”, and also encompasses the use of targeted therapies based on other patient 
characteristics besides genetics.

In order to utilize precision medicine, biomarkers that can predict the response to spe-
cific drugs or course of the disease are necessary, as well as a reliable test to assess these 
biomarkers. Such tests are commonly referred to as “companion diagnostics”. Historically, 
these companion diagnostics have mainly been based on genetics and immunohisto-
chemistry, and predominantly focussed on the field of (hemato-)oncology. Diagnostics 
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tests for HER2 overexpression in breast cancer and the BCR-ABL fusion gene in chronic 
myeloid leukemia are two examples of such companion diagnostics. 

One of the earliest examples of targeted therapy is trastuzumab.38–40 Trastuzumab is 
a monoclonal antibody targeting HER2, which is overexpressed on malignant cells in 
approximately 20% of patients with breast cancer. Trastuzumab is specifically given to 
patients with HER2 overexpression on tumor cells as targeted therapy, and therefore the 
use of trastuzumab is dependent on the result of the companion diagnostic. Treatment 
with trastuzumab has significantly improved the disease-free survival of these patients.41 
Because of this additional treatment option for a subgroup of patients with breast cancer, 
testing for HER2 expression has become standard of care.42 The success of a drug like 
trastuzumab highlights the importance of the identification of subgroups of patients 
with characteristics, such as HER2 overexpression, that might respond better to specific 
targeted therapies.

However, the development of precision medicine tools gets more complicated when it 
involves a disease with multiple underlying pathophysiological pathways, like many au-
toimmune diseases. Efforts to identify predictors of the course of the disease or predictors 
of flares of disease activity have yielded some promising targets, however variability in 
measurement methods and definitions of outcome measurements have severely limited 
the applicability and generalizability of these biomarkers.43–46 In an effort to combat this 
variability, definitions for clinical remission and lupus low disease activity state (LLDAS) 
have been developed.47,48

According to the 2023 EULAR recommendations for the treatment of SLE, the goal 
of treatment should be to reach remission (as defined by the DORIS criteria, requiring 
a SLEDAI of 0 and a physician global assessment scale of 0.5 or lower), or low disease 
activity if remission is not attainable.15,47 The EULAR recommendations note that current 
pharmacological treatment strategies for SLE are directed by patient characteristics (such 
as age and ethnicity), type and severity of organ involvement, treatment-related harms, 
comorbidities, risk for progressive organ damage and patient preferences.15 Although 
these guidelines do mention that black patients with lupus nephritis might be more re-
sponsive to treatment with mycophenolate than cyclophosphamide, it does not mention 
any other characteristics that might influence the response to treatment of individual pa-
tients. Current treatment strategies for SLE can be summarized as a one-size-fits-all basis 
of immunosuppressive treatment with hydroxychloroquine with a step-up regiment in 
case of persistent disease activity or organ-specific related damage. Precision medicine, 
in the sense of adjusting the therapy to patient-specific immunological or genetic charac-
teristics, has not yet found a place in the current treatment selection for patients with SLE. 
However, it is likely that this will change in the future, as more specific targeted therapies 
are being developed. These targeted drugs, some of which already have been approved, 
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and some of which are currently in trial stages, are targeting different elements of the 
immune system such as interferons (IFN), BLyS, JAK and BTK inhitors, and regulatory T 
cells.49–52 It is imaginable that these drugs will be utilized most efficiently in patients in 
which the targeted pathways are most central to the constitution of symptoms of SLE. 
The 2023 EULAR recommendation also note the need for research into biomarkers for 
the use of prediction of response to specific therapies, further indicating a shift towards 
precision medicine. 

One of the drugs that has the potential to be used for precision medicine in patients with 
SLE is anifrolumab. Anifrolumab targets the type 1 IFN pathway by targeting the type 1 
interferon receptor, inhibiting downstream signalling. An analysis of two phase III trials 
of anifrolumab shows a better response rate of patients with an elevated type 1 IFN gene 
signature (IFN-high), compared to patients with a low IFN gene signature (IFN-low), as 
measured by British Isles Lupus Assessment Group-based Composite Lupus Assessment 
(BICLA).49 This would suggest a potential for the IFN signature to function as a companion 
diagnostic to select patients suited for treatment with anifrolumab, although this has not 
been translated to clinical practice as of yet. One possible reason could be the limited 
difference in disease activity reduction between IFN-high and IFN-low patients in these 
studies, although this could be influenced by an association between an elevated IFN 
gene signature and greater disease activity, resulting in higher disease activity in the 
IFN-high placebo group.53 Another possible reason could be that one of the phase III 
trials (TULIP-1) failed to reach its primary endpoint of an improved treatment response 
in patients treated with anifrolumab, as measured by the SLE responder index-4 (SRI-4). 
This study did however show a significant improvement in the BICLA response in patients 
treated with anifrolumab, compared to placebo, a result that was replicated in the follow-
ing TULIP-2 trial.54,55 It is possible that this initial failure to reach the primary study end 
point has made health care professionals cautious to embrace anifrolumab and addi-
tional testing of the IFN signature, which currently is not part of the regular diagnostic 
workup for SLE patients.

With multiple drugs targeting different pathways, and potentially them all requiring 
testing of the involvement of these pathways to determine the preferred treatment for 
individual patients, this testing can quickly become expensive and elaborate. Although 
reducing the time to diagnosis and better treatment selection for individual patients will 
likely result in lower costs of health care utilization overall, the initial costs associated with 
this testing can be a hurdle barring implementation in clinical practice. However, there is 
a possibility that multiple pathways can be assessed simultaneously using autoantibody 
profiles as a proxy for testing of these different pathways individually. This would likely 
reduce both costs and time investment needed to facilitate the testing. 
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Although there are some associations between some antibodies and specific manifesta-
tions of SLE, such as an increased prevalence of Raynaud’s phenomenon in patients with 
anti-U1RNP antibodies, and nephritis in patients with anti-c1q antibodies, this currently 
does not have consequences for the treatment of these patients.56,57 Some suggest that 
the profile of autoantibodies are likely to be correlated with the underlying disease 
aetiology and mechanism.58 In Chapter 6, we indeed show an increased prevalence of 
autoantibodies targeting ribosomal proteins in patients with a high IFN signature. This 
hypothesis is further corroborated by recent studies focussing on the associations be-
tween specific autoantibodies and other different immunological pathways.59–61 

Recent improvements in the development of high throughput protein assays have given 
the opportunity to investigate key proteins in multiple pathways at once, facilitating 
the simultaneous analysis of multiple autoantibodies. These protein assays can be used 
as an investigatory tool to discover new biomarkers in hypothesis-generating studies, 
similarly to how we showed the presence of anti-CpG antibodies in patients with SLE in 
Chapter 3. Additionally, these assays allow the creation of immunological profiles that 
could represent the affected immunological pathways and therefore have potential to 
function as a companion diagnostic. Furthermore, profiles of autoantibodies can aid in 
the diagnostic process as well, as we showed in Chapter 4. Currently, we are investigating 
whether these immunological profiles can predict the general severity and course of the 
disease, as well as predict flares of disease activity.

So what has got to happen to make the step to personalized medicine in the treatment 
of patients with SLE? The first step is that immunological subtypes of patients with SLE 
need to be defined. These immunological subtypes should be based on profiles of au-
toantibodies, potentially expanded by the presence of chemokines and cytokines, and 
gene expression data.62 Similar to the use of trastuzumab only in patients with HER2 
positive breast cancer, certain types of medication could likely be used most effectively in 
patients with certain patient-specific characteristics. For example, patients with an immu-
nological subtype that is largely IFN-driven might benefit more from treatment targeting 
the IFN-pathway than patients with an immunological subtype more related to B-cell 
dysfunction, even if they display similar symptoms. After these immunological subtypes 
have been defined, trials should be undertaken to investigate whether treatment selec-
tion based on these immunological subtypes results in better outcomes than the current 
step-up regime. If this proves to be successful, classification of subgroups of patients with 
SLE based on their clinical manifestations should be abandoned in favour of classification 
based on their immunological manifestations for the purpose of treatment selection. Two 
separate diseases might result in similar symptoms, but have a distinct pathophysiology 
and therefore require different treatment. It makes sense to target the immunological 
pathways that are demonstrably affected in specific patients, rather than focus solely on 
the symptoms these patients are exhibiting.
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This would result in a future course for an SLE patient somewhat similar to this: Patients 
with suspected SLE visit the physician to undergo a physical examination and do a single 
blood test, which is used to identify the immunological phenotype of the patient. If they 
get an SLE diagnosis, they get a subclassification based on the immunological pheno-
type and following treatment is based on this phenotype, rather than the symptoms the 
patient exhibits. During follow-up, clinical data is collected in a (semi-)structured format 
by the physician, so that the data recorded during patient visits is re-usable for research 
purposes. A NLP algorithm regularly screens the patient records to identify patients that 
might be showing clinical signs of an upcoming flare, or conversely might suggest taper-
ing medication to the physician for patients with a low probability of an upcoming flare. 
Additionally, by screening data from the EHR, the NLP algorithm might also identify new 
patients with suspected SLE in an early stage, who are already exhibiting symptoms and 
have visited a physician, but have not yet received a SLE diagnosis.
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Achtergrond
Systemische Lupus Erythematosus (SLE) is een zeldzame systemische auto-immuunziekte 
met een prevalentie van 43.7 per 100.000 personen. De klachten die erdoor kunnen ont-
staan variëren van relatief milde symptomen, zoals spier- en gewrichtsklachten of een 
karakteristieke huiduitslag, tot invaliderende of zelfs levensbedreigende symptomen, 
zoals psychoses en ontstekingen van de inwendige organen. Door de grote variatie aan 
symptomen die door SLE veroorzaakt kunnen worden, is het stellen van de diagnose vaak 
lastig. Veel van de symptomen die door SLE kunnen worden veroorzaakt, zijn niet speci-
fiek voor SLE en hebben ook vele andere, vaker voorkomende mogelijke oorzaken. Dit 
leidt vaak tot een diagnostisch delay, waarbij de periode tussen het ontstaan van de eer-
ste klachten en het stellen van de diagnose regelmatig maanden tot enkele jaren duurt. 
In deze periode kan de onbehandelde ziekte orgaanschade veroorzaken en hiernaast 
patiënten een zware ziektelast bezorgen. Hierom is het belangrijk om het diagnostische 
proces voor SLE te verbeteren en dit diagnostische delay te verkleinen. 

Deel 1
Omdat SLE een weinig voorkomend ziektebeeld is, is het lastig om goede data te ver-
zamelen om onderzoek mee te verrichten. Het opzetten van gestructureerde trials om 
deze data te verzamelen kost veel tijd en geld. Hierom wordt er ook gekeken naar andere 
bronnen van data die voor onderzoeksdoeleinden te verzamelen, zoals het Elektronisch 
Patiënten Dossier (EPD). Een van de belangrijkste functies van het EPD is het vastleggen 
van gegevens die voor de begeleiding van het ziekteproces van de patiënten belangrijk 
zijn, waaronder symptomen en diagnoses. Door deze functie bevat het EPD een grote 
hoeveelheid data die potentieel zeer relevant is voor het beantwoorden van onderzoeks-
vragen. Een grote uitdaging bij het verzamelen van deze data voor onderzoeksdoeleinden 
is dat het EPD veel vrije tekst of ongestructureerde data bevat, wat lastig te verwerken is.

In de meeste gevallen wordt relevante data handmatig uit het EPD verzameld door 
het uitvoeren van dossieronderzoek, wat tijdrovend is en een aanzienlijke inter- en in-
traobserver variatie heeft. In Hoofdstuk 2 beschrijven we hoe wij een algoritme hebben 
gemaakt om relevante informatie uit data uit het EPD te kunnen filteren. Voor ons onder-
zoek ging dit met name om het al dan niet hebben van een diagnose van SLE. Met ons 
algoritme tonen we aan dat de ongestructureerde data uit het EPD gebruikt kan worden 
om op een geautomatiseerde, en hiermee repliceerbare, manier relevante informatie 
te verkrijgen, welke voor onderzoeksdoeleinden hergebruikt kan worden. Dit doet ons 
algoritme door te zoeken naar het voorkomen van specifieke kernwoorden en hierbij de 
context van deze kernwoorden te evalueren, om bijvoorbeeld negaties te herkennen. 
Dergelijke hulpmiddelen kunnen helpen grootschalig dossieronderzoek te faciliteren. 
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Deel 2
De diagnose van SLE is een klinische diagnose die gesteld wordt op basis van een 
combinatie van klinische en immunologische kenmerken. Een van de belangrijkste im-
munologische kenmerken van SLE is de aanwezigheid van autoantistoffen. Over de jaren 
zijn er meer dan 100 verschillende autoantistoffen ontdekt die geassocieerd worden 
met SLE. Veel van deze autoantistoffen zijn gericht tegen antigenen uit de celkern en 
vallen hierdoor in de groep van de antinuclear antibodies (ANAs). Deze autoantistoffen 
spelen een belangrijke rol in de pathofysiologie van SLE. Van een aantal autoantistoffen 
is bekend dat ze zelfs jaren voor de diagnose van SLE voor kunnen komen in het bloed 
van toekomstige patiënten, wat potentie biedt voor het gebruik van autoantistoffen als 
biomarkers voor vroege diagnostiek. Veel van deze antistoffen komen echter ook voor 
bij een klein deel van de gezonde populatie, wat de potentie voor een screeningstest in 
de algemene populatie beperkt. De aanwezigheid van deze autoantistoffen in gezonde 
mensen zou gezien kunnen worden als een vorm van benigne auto-immuniteit, zonder 
dat dit tot het ontstaan van een auto-immuunziekte leidt. 

In het ziekenhuis komt het regelmatig voor dat patiënten een positieve uitslag hebben 
voor een ANA-test, zonder dat deze patiënten een diagnose van een auto-immuunziekte 
krijgen. In Hoofdstuk 5 hebben we onderzocht of deze positieve testen gezien moeten 
worden als een teken van een mogelijke toekomstige auto-immuunziekte of als klinisch 
irrelevant. We tonen aan dat slechts een klein deel van de patiënten met klachten die 
gerelateerd kunnen worden aan een auto-immuunziekte uiteindelijk daadwerkelijk een 
dergelijke diagnose krijgen. Een positieve ANA-test was op zichzelf een slechte voorspel-
ler voor het later krijgen van een diagnose van een auto-immuunziekte. Het hebben 
van zowel symptomen als de aanwezigheid van specifieke ANAs gerelateerd aan de ver-
dachte auto-immuunziekte, was wel een sterkere voorspeller van progressie naar ziekte, 
alhoewel dit nog steeds weinig voor komt.

Hoewel de voorspellende waarde van individuele antistoffen ogenschijnlijk beperkt is, 
laten we in Hoofdstuk 4 zien dat het maken van profielen van autoantistoffen aanvul-
lende kansen biedt. In dit onderzoek hebben we een groot cohort met SLE-patiënten en 
meerdere relevante controlegroepen gebruikt om profielen van autoantistoffen te creë-
ren. Vervolgens tonen we aan dat toekomstige SLE-patiënten vaak al voor de diagnose 
een profiel aan autoantistoffen vertonen dat gebruikt kan worden om patiënten met een 
hoog risico op het ontwikkelen van SLE in een vroege fase te identificeren. 

In Hoofdstuk 3 tonen we aan dat antistoffen gericht tegen CpG oligodeoxynucleotides 
(ODNs) een hoge prevalentie hebben in het bloed van patiënten met SLE, en hiermee ook 
een belangrijke bijdrage leveren aan het vormen van de autoantistof profielen. Eerdere 
onderzoeken hebben aangetoond dat CpG ODNs onder andere plasmacytoide dendri-
tische cellen (pDCs) kunnen stimuleren via TLR9. pDCs zijn belangrijke producenten van 
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inflammatoire type I interferons (IFN), en zijn hiermee waarschijnlijk voor een groot deel 
verantwoordelijk voor de toename van de zogeheten IFN signature in patiënten met SLE. 
In Hoofdstuk 6 hebben we de relatie tussen autoantistoffen en de IFN signature verder 
onderzocht. Hierbij tonen we aan dat antistoffen gericht tegen EphB2, RipP1, en RNP70 
geassocieerd zijn met een hoge IFN-score. 

In Hoofdstuk 7 hebben we een overzicht gemaakt van recente ontwikkelingen op het 
gebied van diagnostiek naar SLE. Hierbij hebben we zowel naar autoantistoffen als naar 
andere biomarkers, zoals chemokines, cytokines, RNAs en genexpressie gekeken. Hoewel 
dit overzicht geen perfecte biomarker identificeerde, geeft het wel meer inzicht in de 
pathofysiologie van SLE. We beargumenteren dat de kwaliteit van diagnostische studies 
significant verbeterd zou kunnen worden door het opzetten van grote population-based 
cohorten. Deze cohorten kunnen voor veel ziektebeelden interessante inzichten opleve-
ren, en specifiek voor SLE het mogelijk maken om onderzoek te doen naar de immunolo-
gische veranderingen in patiënten, voorafgaand aan het stellen van de diagnose. 

Conclusie
In dit proefschrift laat ik zien hoe we diverse innovatieve manieren hebben gebruikt om 
zowel klinische als immunologische data te verzamelen. We laten zien dat technische 
hulpmiddelen ontworpen kunnen worden om aanvullende databronnen voor onderzoek 
aan te boren. We hebben de aanwezigheid van diverse autoantistoffen en hun relatie met 
andere immunologische verschijnselen uitgediept, en laten zien dat profielen van auto-
antistoffen gebruikt kunnen worden om toekomstige patiënten met SLE in een vroeg 
stadium te herkennen, met als doel de diagnostische delay hiermee te verkorten. 
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ENGLISH SUMMARY

Background
Systemic Lupus Erythematosus (SLE) is a rare systemic autoimmune disease with a 
prevalence of 43.7 per 100.000 people. Symptoms range from relatively mild complaints, 
such as muscle and joint pains or a characteristic skin rash, to disabling or potentially 
life-threatening symptoms, such as psychosis and inflammation of internal organs. 
Because SLE can cause a wide variety of symptoms, establishing the diagnosis is often 
difficult. Many symptoms caused by SLE are not specific to the disease and have many 
other, more common possible causes. This often leads to a diagnostic delay, where the 
time between the onset of first symptoms and the diagnosis regularly spans months to 
several years. During this period, untreated disease can cause organ damage and impos-
es a high disease burden on patients. It is therefore important to improve the diagnostic 
process for SLE and to reduce this diagnostic delay.

Part 1
Because SLE is an uncommon condition, collecting high-quality data for research is chal-
lenging. Setting up structured trials to gather such data is time consuming and expen-
sive. Therefore, other data sources are also considered for research purposes, such as the 
Electronic Health Records (EHR). One of the EHR’s main functions is to record information 
relevant to managing patients’ disease, including symptoms and diagnoses. As a result, 
the EHR contains large amounts of data that may be highly relevant for answering re-
search questions. A major challenge when using EHR data for research is that it contains a 
lot of free text or unstructured data, which is difficult to process.

In most cases, relevant data are manually extracted from the EHR by conducting chart 
reviews, which is time consuming and subject to substantial inter- and intraobserver 
variation. In Chapter 2 we describe how we developed an algorithm to filter relevant 
information from EHR data. For our research this focused mainly on whether or not a di-
agnosis of SLE was present. With our algorithm we show that unstructured EHR data can 
be used to obtain relevant information in an automated and thus reproducible way that 
can be reused for research. The algorithm searches for occurrences of specific keywords 
and evaluates the context of those keywords to recognize, for example, negations. Tools 
like our algorithm can help facilitate large-scale chart review.

Part 2
The diagnosis of SLE is a clinical diagnosis made on the basis of a combination of clinical 
and immunological features. One of the most important immunological features of SLE is 
the presence of autoantibodies. Over the years more than 100 different autoantibodies 
associated with SLE have been discovered. Many of these autoantibodies target antigens 
from the cell nucleus and thus fall into the group of antinuclear antibodies (ANAs). These 
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autoantibodies play an important role in the pathophysiology of SLE. Some autoantibod-
ies are known to appear in the blood of future patients years before the diagnosis of SLE, 
which offers potential for using autoantibodies as biomarkers for early diagnosis. Many 
of these antibodies, however, also occur in a small proportion of the healthy population, 
which limits the potential for a screening test in the general population. The presence of 
these autoantibodies in healthy individuals could be seen as a form of benign autoim-
munity that does not lead to clinical autoimmune disease.

In clinical practice it is common for patients to have a positive ANA test result without 
ultimately receiving a diagnosis of an autoimmune disease. In Chapter 5 we investigated 
whether these positive tests should be interpreted as a sign of a possible future autoim-
mune disease or as clinically irrelevant. We show that only a small proportion of patients 
with complaints that could be related to an autoimmune disease eventually receive such 
a diagnosis. A positive ANA test by itself was a poor predictor of later receiving a diagno-
sis of an autoimmune disease. Having both symptoms and the presence of specific ANAs 
related to the suspected autoimmune disease was a stronger predictor of progression to 
disease, although this still occurred infrequently.

Although the predictive value of individual autoantibodies appears limited, in Chapter 4 
we demonstrate that constructing autoantibody profiles offers additional opportunities. 
In this study we used a large cohort of SLE patients and multiple relevant control groups 
to create autoantibody profiles. We then show that future SLE patients often already 
exhibit an autoantibody profile before diagnosis that can be used to identify patients at 
high risk of developing SLE at an early stage.

In Chapter 3 we show that antibodies directed against CpG oligodeoxynucleotides 
(ODNs) have a high prevalence in the blood of SLE patients and therefore make an impor-
tant contribution to forming the autoantibody profiles. Previous studies have shown that 
CpG ODNs can stimulate plasmacytoid dendritic cells (pDCs) via TLR9. pDCs are impor-
tant producers of inflammatory type I interferons (IFN) and are likely largely responsible 
for the increase of the so-called IFN signature in SLE patients. In Chapter 6 we further 
investigated the relationship between autoantibodies and the IFN signature. We show 
that antibodies directed against EphB2, RipP1, and RNP70 are associated with a high IFN 
score.

In Chapter 7 we provide an overview of recent developments in diagnostics for SLE. We 
considered both autoantibodies and other biomarkers, such as chemokines, cytokines, 
RNAs, and gene expression. Although this review did not identify a perfect biomarker, it 
does provide greater insight into the pathophysiology of SLE. We argue that the quality of 
diagnostic studies could be significantly improved by establishing large population-based 
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cohorts. Such cohorts can yield valuable insights for many diseases and, specifically for 
SLE, enable research into immunological changes in patients prior to diagnosis.

Conclusion
In this thesis I demonstrate how we used several innovative approaches to collect both 
clinical and immunological data. We show that technical tools can be designed to unlock 
additional data sources for research. We explored the presence of various autoantibodies 
and their relationship with other immunological phenomena, and we show that autoan-
tibody profiles can be used to recognize future SLE patients at an early stage, with the 
aim of reducing diagnostic delay.
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vermogen om de link tussen het lab en de kliniek te leggen en heb hier zelf dan ook 
ontzettend veel aan gehad. Ik kijk met veel plezier terug op onze samenwerking en hoop 
dat je geniet van je pensioen. 

Beste Hein, zonder jou had dit proefschrift waarschijnlijk niet bestaan. Met jouw be-
geleiding zette ik tijdens mijn M2 in het ZGT de eerste stappen in het onderzoek, wat 
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proefschrift werden gelegd. En ook met jouw voortrekkersrol bij ARCH, wat ook een rode 
draad in mijn tijd als promovendus is geweest, heb jij onmiskenbaar een belangrijke rol 
gespeeld in deze fase van mijn carrière. 

Leon, ik heb genoten van onze samenwerking bij de data-analyse. Ik had nog nooit van 
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dat ik met recht kan zeggen dat jouw hulp onmisbaar is geweest voor het tot stand ko-
men van dit proefschrift. Rowena, toen ik net begon had ik geen idee hoe alles eraan toe 
ging op het lab. Niet erg handig voor een project wat grotendeels draait om het analyse-
ren van honderden bloedsamples… Heel erg bedankt voor het mij hierbij op sleeptouw 
nemen, en voor al het werk dat je op het lab voor deze projecten hebt verricht. Hiernaast 
was het met jouw aanstekelijke goede humeur altijd een zeer prettige samenwerking. 
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Saskia, jij en de rest van UPOD toonden mij de georganiseerde chaos die de achterkant 
van het EPD is. Bedankt voor het helpen met het ontwarren van deze chaos. Het heeft me 
niet alleen enorm geholpen voor het onderzoek, maar ook nog een hoop kennis geleerd 
over hoe EPD’s in elkaar zitten, iets wat ook goed van pas komt bij mijn huidige werk 
in de kliniek. Suzanne, onze samenwerking was kort, maar krachtig. Ik heb veel plezier 
gehad met het samen uitzoeken hoe we uit de gigantische hoeveelheid data de juiste 
informatie konden filteren.

Collega’s van de H3 gang; Ik weet nog goed dat op mijn eerste dag bleek dat er al veel 
voor mij was geregeld, maar een werkplek voor mij was men even vergeten. Maar ik 
hoefde gelukkig niet lang te zoeken, want ondanks dat ik tussen al de RA- en artroseon-
derzoekers een beetje een vreemde eend in de bijt was, werd ik gelijk opgenomen in de 
groep. Het koffiemomentje in de ochtend en discussies over Wie is de Mol en “Nieuwsuur” 
bij de lunch maakten mijn dag vaak een stuk leuker. Ook het samen delen van successen 
en tegenslagen die bij onderzoek horen, heeft enorm bijgedragen aan hoe ik terugkijk 
naar deze tijd. Simon, als aanvoerder van de H3 gang, bedankt dat je altijd klaar stond 
om met een grote lach alle vragen aan te horen als ik ergens op vast liep. Indien dit (on-
danks een uitgebreide statistiekcursus) op statistiek- of methodologie-gebied was, kon ik 
altijd bij Paco terecht. Anne-Karien, ik wil niet weten met hoeveel versies van biobank- of 
studieprotocollen ik bij jou langs ben geweest, maar ik ben trots op de projecten die we 
daarmee op hebben kunnen zetten, zoals de PROFILE studie. En ik was onder de indruk 
van hoe soepel deze voorstellen vaak langs de METC of biobankcommissie kwamen 
nadat ze jouw stempel van goedkeuring hadden gekregen. Arno, de lab-man. Ik was 
iets minder fan van de mij toebedeelde taak van het ’s ochtends vroeg sjouwen met de 
stikstofvaten, maar de grote lach en vrolijke praatjes als ik ze kwam afleveren maakten 
veel goed. 

Ellen, ik denk dat wij samen, ondanks alle hindernissen van COVID, samen een heel 
mooi project hebben afgeleverd van de raakvlakken van onze onderzoeken, en met de 
PROFILE studie ook hebben gebouwd aan iets moois voor verder onderzoek. Ik ben blij 
dat we dit in goede handen achter hebben kunnen laten en ben heel benieuwd naar de 
verdere resultaten die Bettina ons uiteindelijk hierover zal gaan tonen. Voor het werk aan 
de PROFILE studie, en voor de samenwerking met de BLISS-Believe studie, wil ik natuur-
lijk ook de researchverpleegkundigen Karin, Anneloes, Joke en later ook Ria bedanken. 
Ik was en ben nog steeds onder de indruk van hoe jullie alles wisten te organiseren en 
denk dat veel onderzoek zonder jullie nooit zo tot hun recht waren gekomen. Daarnaast 
voelde ik me altijd ontzettend welkom bij jullie op de poli voor een kopje thee of Engels 
dropje, waarvoor dank. 
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Dan ook een woord van dank aan alle mensen buiten het ziekenhuis die me op de een of 
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lastiger is omdat ik zonodig naar Groningen moest verhuizen, kan het nog steeds ontzet-
tend waarderen dat nog regelmatig er donderdagavond een belletje komt vanuit de kan-
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