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Extended Summary
Introduction
Systemic lupus erythematosus (SLE) is a chronic autoimmune disease that mainly affects
women of reproductive age. It is characterized by great clinical heterogeneity as it can affect almost
any organ with varying degrees of severity. The disease has alternating periods of remission and
relapses and can lead to irreversible organ damage as a result of chronic inflammation, corticosteroid
use and comorbidities. Due to the wide range of disease manifestations, early diagnosis and
consequently early treatment, poses a significant challenge, which is further complicated by the
absence of diagnostic criteria. Instead, classification criteria have been developed, which are based
on a constellation of clinical and laboratory / immunological findings. Although classification criteria
were developed for the selection of homogeneous patient populations in the context of
epidemiological or clinical studies, they are widely used in clinical practice to aid the diagnosis of the
disease.
The most commonly used classification criteria are those of the American College of Rheumatology
(ACR-1997). They consist of 11 clinical and immunological manifestations of the disease and require
the presence of at least 4 of them in order to classify a patient as SLE. Despite their ease of use,
they have low sensibility for early and severe forms of the disease, while they can classify as SLE
patients with purely mild mucocutaneous manifestations. In addition, several manifestations are
absent from certain organs / systems (e.g., nervous system, hematopoietic), resulting in delayed
diagnosis. In 2012, the Systemic Lupus International Collaborating Clinics (SLICC) team proposed
new classification criteria that require ≥4 of 17 manifestations, including at least one clinical and one
immunological, or alternatively, biopsy-proven lupus nephritis with either positive antinuclear
antibodies (ANA) or double-stranded DNA antibodies (anti-dsDNA). These criteria are advantageous
as they include more clinical and immunological manifestations. Although they have higher sensitivity
(92-97% vs. 77-92%), they are limited in terms of specificity (74-88% vs. 91-96%) as compared to
the ACR criteria. These restrictions led to the recent (2019) cooperation of EULAR / ACR for the
introduction of a new set of classification criteria. The new criteria presuppose the existence of a
positive ANA titre as an entry criterion, in combination with a series of clinical and immunological
items, which have different weight for the calculation of the total score that will classify the patient as
SLE or not. Whether these new classification criteria allow for earlier classification of SLE patients,
with superior sensitivity and specificity as compared to the ACR-1997 and SLICC-2012 criteria,
allowing them to be used in clinical practice to aid diagnosis is not clear.
To this end, we first evaluated the comparative performance of the three SLE classification criteria
in a large cohort of patients with early diagnosis of SLE or other rheumatological diseases, spanning
from the community to tertiary care. We also examined which criteria enable earlier classification
and whether this has implications in disease severity. Next, based on our sample characteristics, we
proposed modifications to the existing classification algorithms to ensure the highest combination of
sensitivity and specificity, thus allowing the timely classification and treatment of patients with
potentially high disease burden.
Despite the high sensitivity and specificity of existing and modified criteria, the development of
optimized classification (or diagnostic) criteria that will include all patients with clinically significant
disease, while excluding healthy or with alternative diseases individuals, remains an important and
unmet need. During this dissertation we tried to fill this gap by creating a clinically applicable
algorithm for assessing the likelihood SLE diagnosis based on the frequent manifestations of the
disease. More specifically, we applied artificial intelligence tools and specifically, machine learning
techniques (ML) to create and validate a new predictive model for Systemic Lupus Erythematosus,
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which was based on the clinical characteristics of large, well-characterized patient datasets. The
performance of the predictive algorithm was further evaluated in two external validation datasets and
was compared to the classification criteria sets ACR-1997, SLICC-2012 and EULAR / ACR-2019.
Four patient subgroups of special clinical interest from the external validation dataset, i.e., patients
with early SLE, lupus nephritis, NPSLE and patients with severe manifestations, were separately
used to compare the predictive model to the three criteria sets. We further examined the performance
of the three classification criteria, as well as of the new SLE predictive ML-based algorithm, in a
group of cases with undifferentiated disease, who were monitored prospectively during this
dissertation.
Aims of the thesis
We first performed a comprehensive study of the existing classification criteria for SLE, exploiting a
large group of patients with SLE or other rheumatic diseases in two Greek tertiary centers. Second,
based on the characteristics of our cohort patients, we created a new prognostic model for SLE by
applying machine learning techniques.
More specifically:
 we compared the sensitivity and specificity of the three sets of classification criteria (ACR1997, SLICC-2012, EULAR/ACR-2019) in a well-defined cohort of patients with SLE,
representative of the community, diagnosed according to the opinion of an experienced
physician
 we examined which of the criteria sets allows earlier classification of the disease both in
patients with established SLE and in a group of cases with undifferentiated disease who were
monitored in the outpatient clinic every 6-12 months (prospective study)
 we analyzed the prognostic effects (development of organ damage) of the classification or
non-classification of SLE patients with the three sets of classification criteria
 modifications and combinations of the algorithms of the SLICC-2012 and EULAR/ACR-2019
criteria were made to enhance their diagnostic accuracy for SLE
 we created a simplified assessment algorithm for the prediction of SLE using ML techniques,
based on the characteristics of our cohorts
 we further evaluated the performance of the predictive algorithm in two external validation
datasets and was compared to the classification criteria sets ACR-1997, SLICC-2012 and
EULAR / ACR-2019.
Patients and methods
The study was conducted in two tertiary centres and included a retrospective and a prospective part.
The SLE registries and the registries of patients with other rheumatic diseases of the Rheumatology
Clinic of PAGNI and the 4th Internal Medicine Clinic of the Attikon Hospital of Athens were utilized.




Inclusion criteria for the analysis of the sensitivity and specificity of the criteria and the
modification of the existing criteria were consecutively registered patients aged ≥ 15 years
who were diagnosed with SLE by a specialist, during the period 1/2005-12/2016 and patients
≥ 15 years with other rheumatic diseases randomly selected from the respective registries of
patients with other rheumatic diseases of the 2 participating clinics.
To create a diagnostic model with ML techniques, a randomized sample of 802 patients ≥15
years of age and diagnosis of SLE and other rheumatic diseases from 2005 onwards were
included, which were randomly selected from the respective patient registries of the 2
participating clinics.
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For the prospective part of the study, individuals ≥15 years of age who do not meet any
criteria for SLE or other rheumatic diseases, with positive autoantibodies and non-clinically
significant manifestations or first-degree relatives (FDRs) of patients with SLE were included.
This group constitutes the preclinical group of participants who are monitored every 6-12
months for possible transition to SLE, according to physician or the classification criteria.

From each study participant demographics, year of diagnosis of SLE or other diagnoses (according
to physician opinion), presence and year of occurrence of each manifestation from the 3 sets of
classification criteria (ACR-1997, SLICC-2012, EULAR / ACR-2019), the presence and the year of
occurrence of selected additional clinical manifestations of the disease that are not included in the
existing classification criteria (such as Raynaud's phenomenon, lymphadenopathy, etc.), disease
severity, the development of irreversible organ damage (SLICC / ACR Damage Index) were
collected. The RedCap online platform was used to collect and manage databases for the study.
Sensitivity of the criteria was assessed against physician diagnosis, both at the time of diagnosis
and at last patient follow-up visit (overall sensitivity). Specificity was determined against patients with
other rheumatological diseases. In separate analysis, we calculated the earliest date of fulfilment of
each set of criteria and the time elapsed since the date of the earliest item. Hazard analysis was
used to determine the median (95% CI) time-to-classification for each set of criteria. Modified
classification algorithms were derived from a random 80% and validated in the remaining 20% of the
dataset running multiple iterations. Between-groups comparisons were performed by the McNemar’s
test or linear mixed model analysis for partially paired samples.
To create a simplified evaluation system for the prediction of SLE diagnosis we applied two ML
models, Logistic Regression (LR) in combination with LASSO Feature Selection and Random Forest,
in a number of clinical features from the classification criteria (ACR-1997, SLICC-2012,
EULAR/ACR-2019) and not. The LR model with the highest accuracy was selected during the 10fold cross-validation process and was verified in an independent sample of 513 SLE patients and
101 with other rheumatic diseases. Α simplified evaluation system for the prediction of SLE from the
selected LR model was created.
Results
A total of 690 patients with SLE and 401 controls with a diagnosis between 1/2005-12/2016 were
analysed to calculate the diagnostic value of the SLE classification criteria. This analysis showed a
higher overall sensitivity (calculated throughout the monitoring period) of the EULAR/ACR-2019 and
SLICC-2012 criteria compared to the ACR-1997 (88.6%, 91.3% and 85.7%, respectively), and higher
specificity of the EULAR/ACR-2019 (97.3%, 93.8% and 93.0% respectively). However, at the time
of clinician diagnosis the corresponding sensitivity of the criteria was clearly lower (74.4%, 73.5%,
69.5% respectively). Although both the EULAR/ACR and the SLICC criteria allowed the classification
of SLE patients earlier than the ACR criteria, this classification was delayed by >3 months in 17.319.9% of cases. In addition, among patients with neuropsychiatric lupus (NPSLE), the delay in
diagnosis was even more significant.
The analysis of patients with disease duration <3 years, showed a significantly increased overall
sensitivity of the EULAR/ACR (87.3%) and SLICC (91.4%) compared to the ACR criteria (79.9%, p
< 0.01 and p <0.001, respectively). In this group of patients, the median (95% CI) time elapsed
between the appearance of the first manifestation of the disease and the fulfilment of the criteria was
shorter for the EULAR/ACR (9.1 [6.5-11.8] months) and SLICC (9.1 [6.9-11.3] months) as compared
to the ACR criteria (12.1 [9.6-14.7] months, p = 0.043 and p = 0.001, respectively), indicating that
both the EULAR/ACR and the SLICC criteria have increased sensitivity among early SLE patients
and allow classification earlier than the ACR criteria.
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Overall, only 2.9% of SLE patients were not classified by any of the three criteria throughout the
follow-up period, while only 76.7% of SLE patients met all three classification criteria, suggesting
that each set of criteria classifies distinct disease phenotypes. Patients who did not meet the ACR
criteria had a significantly higher prevalence of haematological and immunological manifestations.
Patients who did not meet the EULAR / ACR had increased rates of mucocutaneous manifestations,
while those who did not meet the SLICC criteria had predominantly skin and joint manifestations.
Among patients who did not meet any of the three criteria, 15% had moderately severe BILAG
manifestations and 45% had severe BILAG manifestations, while 50% of these patients developed
irreversible organ damage during follow-up. Twenty percent of these patients had neurological
manifestations, while the frequency of autoantibodies in these patients was lower.
In order to improve the accuracy of the classification criteria, we explored alternative classification
algorithms based on the existing criteria. Specifically, a random sample of 80% of our total sample
(derivation cohort) was extracted and using the characteristics of our cohort patients, the algorithms
of the EULAR/ACR and SLICC criteria were modified. Low complement and/or positive
antiphospholipid antibodies were included as an alternative entry criterion in the case of the
EULAR/ACR, while in the case of SLICC criteria a modification was made to allow the classification
of patients with fewer clinical features but with manifestations from multiple organs. We tested the
modified algorithms of the criteria in the remaining 20% of the sample (validation cohort) and by
performing 100 iterations of the analysis, to take into account the heterogeneity of the patients, we
calculated the median sensitivity and specificity of the modified criteria. These modified EULAR/ACR
and SLICC criteria showed increased sensitivity at diagnosis (median sensitivity 82.0% and 86.2%
respectively) and increased overall sensitivity (median 93.7% and 97.1% respectively) with a slight
decrease in their specificity (median specificity 94.9% and 90.2% respectively). Importantly, patients
not classified by these modified criteria had a lower incidence of severe organ damage, use of
immunosuppressive / biological therapies, and permanent organ damage.
Furthermore, for the development of a prognostic model for SLE, a total 40 clinically-selected panels
of criteria and non-criteria features were subjected to machine learning algorithms yielding a 14variable LASSO model (M31) with the best performance (CV10 accuracy 95.3%; AUC 98.4%). From
the LR model we developed a simplified evaluation system based on 14 classical clinical and
immunological characteristics, the SLE Risk Probability Index (SLERPI). Thrombocytopenia /
haemolytic anaemia, acute cutaneous lupus erythematosus, proteinuria, low C3 / C4 levels, ANA
and other autoantibodies (antiphospholipids, anti-DNA, anti-Sm) had the strongest prognostic value
and, respectively, the highest weight factor in the model. The use of SLERPI allows on the one hand
the classification of patients into prognostic categories (unlikely, probable, very probable and certain
SLE), on the other hand the dichotomous diagnosis (SLE or not) with an accuracy of 94.8%, when
a threshold of SLERPI>7 is applied. Also, SLERPI presents high sensitivity for SLE patients with
early disease (93.7%), nephritis (97.9%) and severe disease that requires immunosuppressivebiological treatment (96.4%).
The prospective part of this dissertation is an ongoing study. After a follow-up of 14.3 ± 7.6 months
(mean ± standard deviation), 127 participants (100% Caucasians, 93.7% females, mean age 38.2
years) were eligible for inclusion in the preliminary analysis. The majority of the participants (75.6%)
were ANA positive at enrolment and the most frequent initial manifestations were arthritis (40.1%),
photosensitivity (33.1%), malar rash (29.1%) and Raynaud’s phenomenon (29.1%). So far, 11
participants have transitioned to SLE and 10 participants to other diagnoses. Among cases who
have transitioned to SLE so far, only one patient fulfilled the ACR-1997 criteria at enrolment, whereas
6 (54.5%) patients fulfilled the SLICC-2012 criteria and 2 (18.2%) patients fulfilled the EULAR/ACR2019 criteria. At the time of SLE diagnosis by the physician, 5 (45.5%) patients were classified by
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the ACR-1997, 10 (90.9%) by the SLICC-2012 and 10 (90.9%) by the EULAR/ACR-2019 criteria.
Among those patients who were diagnosed with alternative diseases 1 (10%) patient was
misclassified as SLE by the ACR-1997 criteria, 2 (20%) by the SLICC-2012 criteria and 4 (40%) by
the EULAR/ACR-2019 criteria, both at enrolment and at last follow-up. Among those patients who
developed SLE (n=11), 4/11 had a SLERPI score >7 at enrolment and 10/11 at physician diagnosis.
Among patients who were diagnosed with alternative diagnoses (n=10), 6/10 patients and 8/10
patients had a SLERPI score>7 at enrolment, and at last follow-up respectively.
Conclusions
Existing classification criteria may miss patients with potentially serious disease or delay
classification, especially in cases of neurological SLE. Combination of all three sets of criteria may
assure maximum capture of patients for inclusion in clinical trials. Modifying the classification
threshold may further enhance the sensitivity of the new EULAR/ACR criteria, especially in the early
stages of the disease. Our ML-based predictive model for SLE, which was developed based on
frequent manifestations of the disease, could aid in the timely detection and treatment of the disease,
including its severe forms.
Finally, our preliminary results of the prospective study suggest that among individuals with positive
autoantibodies or FDRs with SLE, the short-term risk for transition into clinical SLE is low. The
SLICC-2012 criteria were able to classify those cases who transitioned to SLE earlier, but at the time
of physician diagnosis both the SLICC and the EULAR/ACR criteria captured the 90% of patients.
The SLERPI algorithm showed high sensitivity at physician diagnosis, but misclassified as SLE most
cases with alternative diseases. Following the prospective part of the study’s completion, clinical and
lifestyle data will be combined with blood transcriptome to define a high-risk subgroup of individuals
for progression into SLE.
Despite the high performance of classification criteria and the new SLE predictive algorithm SLERPI,
the development of optimized classification (or diagnostic) criteria that will include all patients with
clinically significant disease while excluding all mimickers, remains an important and unfulfilled goal.

ix | P a g e

Εκτεταμένη Περίληψη
Εισαγωγή
Ο συστηματικός ερυθηματώδης λύκος (ΣΕΛ) είναι ένα χρόνιο αυτοάνοσο νόσημα που
προσβάλλει κυρίως γυναίκες αναπαραγωγικής ηλικίας. Χαρακτηρίζεται από μεγάλη κλινική
ετερογένεια καθώς μπορεί να προσβάλλει σχεδόν οποιοδήποτε όργανο με ποικίλους τρόπους και
σε διαφορετικό βαθμό σοβαρότητας. Η νόσος έχει εναλλασσόμενες περιόδους εξάρσεων και
υφέσεων, ενώ μπορεί να οδηγήσει σε μη-αναστρέψιμη βλάβη/ δυσλειτουργία των οργάνων ως
συνέπεια της χρόνιας φλεγμονής, της χρήσης κορτικοστεροειδών και των συννοσηροτήτων. Λόγω
του ευρέος φάσματος εκδηλώσεων της νόσου, η έγκαιρη διάγνωση και κατά συνέπεια, η έγκαιρη
αντιμετώπιση, αποτελεί σημαντική πρόκληση, η οποία περιπλέκεται περαιτέρω από την απουσία
επίσημων διαγνωστικών κριτηρίων. Αντί αυτού, υπάρχουν κριτήρια ταξινόμησης (classification
criteria) τα οποία βασίζονται στον συνδυασμό κλινικών και εργαστηριακών / ανοσολογικών
ευρημάτων. Παρόλο που τα κριτήρια αυτά αναπτύχθηκαν με σκοπό την επιλογή ομοιογενών
πληθυσμών ασθενών στα πλαίσια επιδημιολογικών ή κλινικών μελετών, χρησιμοποιούνται ευρέως
στην κλινική πράξη και για τη διάγνωση της νόσου.
Τα πλέον διαδεδομένα κριτήρια ταξινόμησης είναι αυτά του Αμερικανικού Κολλεγίου Ρευματολογίας
(ACR-1997). Αποτελούνται από 11 κλινικές και ανοσολογικές εκδηλώσεις της νόσου και προκειμένου
να ταξινομήσουν έναν ασθενή ως ΣΕΛ, απαιτούν την ύπαρξη τουλάχιστον 4 από αυτές. Παρά την
ευκολία στη χρήση τους, έχουν χαμηλή ευαισθησία για σοβαρές μορφές της νόσου, ενώ μπορούν
να ταξινομήσουν ως ΣΕΛ ασθενείς με αμιγώς ήπιες βλεννογονο-δερματικές εκδηλώσεις. Επιπλέον,
απουσιάζουν αρκετές εκδηλώσεις από ορισμένα όργανα/ συστήματα (π.χ. νευρικό, αιμοποιητικό),
με συνέπεια τη καθυστέρηση της διάγνωσης. Το 2012, η ομάδα Systemic Lupus International
Collaborating Clinics (SLICC) πρότεινε νέα κριτήρια ταξινόμησης, τα οποία απαιτούν ≥4 από 17
εκδηλώσεις, συμπεριλαμβανομένων τουλάχιστον μίας κλινικής και μίας ανοσολογικής εκδήλωσης
της νόσου, ή εναλλακτικά, αποδεδειγμένη με βιοψία νεφρίτιδα του λύκου με ύπαρξη θετικών
αντιπυρηνικών αντισωμάτων (ΑΝΑ) ή αντισωμάτων έναντι διπλής έλικας του DNA (anti-dsDNA). Τα
κριτήρια αυτά πλεονεκτούν καθώς περιλαμβάνουν περισσότερες κλινικές και ανοσολογικές
εκδηλώσεις της νόσου. Παρόλο που έχουν υψηλότερη ευαισθησία (92-97% έναντι του 77-92%),
υστερούν σημαντικά ως προς την ειδικότητα (74-88% έναντι 91-96%) σε σχέση με τα ACR κριτήρια.
Οι περιορισμοί αυτοί οδήγησαν στην πρόσφατη (2019) συνεργασία των EULAR / ACR για την
εισαγωγή ενός νέου συνόλου κριτηρίων ταξινόμησης. Τα νέα κριτήρια προϋποθέτουν την ύπαρξη
θετικού τίτλου ANA ως κριτηρίου εισόδου, σε συνδυασμό με μια σειρά από κλινικά και ανοσολογικά
κριτήρια, τα οποία έχουν διαφορετική βαρύτητα για τον υπολογισμό του συνολικού βαθμού που θα
εντάσσει τον ασθενή ως πάσχων ή μη από ΣΕΛ. Κατά πόσον τα νέα κριτήρια ταξινόμησης
επιτρέπουν την πιο έγκαιρη ταξινόμηση ασθενών με ΣΕΛ, με ανώτερη ευαισθησία και ειδικότητα σε
σύγκριση με τα κριτήρια ACR και SLICC, επιτρέποντας τη χρήση τους στην κλινική πράξη ως
βοήθημα για τη διάγνωση δεν είναι σαφές.
Για το σκοπό αυτό, αρχικά αξιολογήσαμε τη συγκριτική απόδοση των τριών κριτηρίων ταξινόμησης
του ΣΕΛ σε μια μεγάλη ομάδα ασθενών με πρώιμη διάγνωση ΣΕΛ ή άλλων ρευματολογικών
παθήσεων, από την κοινότητα έως την τριτοβάθμια περίθαλψη. Εξετάσαμε επίσης ποια κριτήρια
επιτρέπουν την έγκαιρη ταξινόμηση και αν αυτό έχει επιπτώσεις στη σοβαρότητα της νόσου. Στη
συνέχεια, με βάση τα χαρακτηριστικά της κοορτής μας, προτείναμε τροποποιήσεις στους
αλγόριθμους των κριτηρίων ταξινόμησης για να διασφαλίσουμε τον υψηλότερο συνδυασμό
ευαισθησίας και ειδικότητας, επιτρέποντας έτσι την έγκαιρη ταξινόμηση και θεραπεία ασθενών με
δυνητικά υψηλό φορτίο ασθένειας.
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Παρά την υψηλή ευαισθησία και ειδικότητα των υπαρχόντων και τροποποιημένων κριτηρίων, η
ανάπτυξη βελτιστοποιημένων κριτηρίων ταξινόμησης (ή διάγνωσης) που θα περιλαμβάνει όλους
τους ασθενείς με κλινικά σημαντική νόσο, ενώ θα αποκλείει τα υγιή ή με άλλη νόσο άτομα, παραμένει
ένας σημαντικός και ανεκπλήρωτος στόχος. Κατά τη διάρκεια της διατριβής επιχειρήσαμε να
καλύψουμε αυτό το κενό με τη δημιουργία ενός κλινικά εφαρμόσιμου αλγόριθμου για την εκτίμηση
πιθανότητας διάγνωσης του ΣΕΛ με βάση τις συχνές εκδηλώσεις της νόσου. Πιο ειδικά, με τη χρήση
εργαλείων τεχνητής νοημοσύνης και συγκεκριμένα, με τεχνικές μηχανικής μάθησης (ML)
δημιουργήσαμε και επικυρώσαμε ένα νέο μοντέλο πρόβλεψης για τον Συστηματικό Ερυθηματώδη
Λύκο, το οποίο βασίστηκε στα κλινικά χαρακτηριστικά των ασθενών της κοορτής μας. Η απόδοση
του προγνωστικού αλγορίθμου αξιολογήθηκε περαιτέρω σε δύο ανεξάρτητα σύνολα ασθενών
(ομάδες επικύρωσης) και συγκρίθηκε με τα κριτήρια ταξινόμησης ACR-1997, SLICC-2012 και
EULAR / ACR-2019. Τέσσερις υποομάδες ασθενών ειδικού κλινικού ενδιαφέροντος από τις ομάδες
επικύρωσης, δηλαδή ασθενείς με πρώιμο ΣΕΛ, νεφρίτιδα λύκου, NPSLE και ασθενείς με σοβαρές
εκδηλώσεις, αναλύθηκαν χωριστά για να συγκριθεί το προγνωστικό μοντέλο με τα τρία σύνολα
κριτηρίων. Εξετάσαμε περαιτέρω την απόδοση των τριών κριτηρίων ταξινόμησης, καθώς και του
νέου αλγόριθμου πρόβλεψης ΣΕΛ, σε μια ομάδα περιπτώσεων με αδιαφοροποίητη νόσο, η οποία
παρακολουθείται προοπτικά κατά τη διάρκεια αυτής της διατριβής.
Σκοπός της μελέτης
Αρχικά πραγματοποιήσαμε μια σε βάθος μελέτη των υπαρχόντων κριτηρίων ταξινόμησης του ΣΕΛ,
μετά από συστηματική ανάλυση μεγάλης ομάδας ασθενών με ΣΕΛ και άλλων ρευματολογικών
νοσημάτων σε δύο τριτοβάθμια κέντρα της Ελλάδας. Στη συνέχεια, με βάση τα χαρακτηριστικά των
ασθενών της κοορτής μας, δημιουργήσαμε ένα νέο προγνωστικό μοντέλο για τον ΣΕΛ με την
εφαρμογή τεχνικών μηχανικής μάθησης (machine learning).
Πιο συγκεκριμένα:











συγκρίναμε την ευαισθησία και ειδικότητα των τριών συνόλων κριτηρίων ταξινόμησης (ACR1997, SLICC-2012, EULAR / ACR-2019) σε μια καλά χαρακτηρισμένη κοορτή ασθενών με
ΣΕΛ, αντιπροσωπευτική της κοινότητας, που διαγνώστηκαν με βάση τη γνώμη ενός
έμπειρου ιατρού
εξετάσαμε ποιο από τα σύνολα κριτηρίων επιτρέπει την πρώιμη ταξινόμηση της νόσου τόσο
σε ασθενείς με εγκατεστημένη νόσο όσο και σε ομάδα ατόμων με αδιαφοροποίητη νόσο, οι
οποίοι ήταν υπό παρακολούθηση για διάστημα 1-3 ετών (προοπτικό σκέλος μελέτης)
εξετάστηκαν οι προγνωστικές επιπτώσεις (ανάπτυξη βλάβης οργάνων) της ταξινόμησης ή
μη ασθενών με ΣΕΛ με τα τρία σύνολα κριτηρίων ταξινόμησης
έγιναν τροποποιήσεις και συνδυασμοί των αλγορίθμων των κριτηρίων SLICC-2012
EULAR/ACR-2019 με προσθήκες στοιχείων ώστε να ενισχυθεί η διαγνωστική τους ακρίβεια
για των ΣΕΛ
δημιουργήσαμε ένα απλοποιημένο σύστημα αξιολόγησης για την εκτίμηση πιθανότητας του
ΣΕΛ, χρησιμοποιώντας τεχνικές μηχανικής μάθησης, βασισμένες στα χαρακτηριστικά των
ασθενών της κοορτής μας.
αξιολογήσαμε περαιτέρω την απόδοση του προγνωστικού αλγορίθμου σε δύο εξωτερικά
σύνολα ασθενών και συγκρίθηκε με τα κριτήρια ταξινόμησης ACR-1997, SLICC-2012 και
EULAR / ACR-2019.

Ασθενείς και μέθοδοι
Η μελέτη διεξήχθη σε δύο τριτοβάθμια κέντρα της Ελλάδας και περιλάμβανε ένα αναδρομικό και ένα
προοπτικό σκέλος. Αξιοποιήθηκε το αρχείο (registry) ασθενών με ΣΕΛ και το αρχείο με άλλες
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ρευματολογικές παθήσεις της Ρευματολογικής Κλινικής ΠΑΓΝΗ και της Δ’ Παθολογικής κλινικής του
Αττικού νοσοκομείου Αθηνών.
 Κριτήρια ένταξης για την ανάλυση της ευαισθησίας και ειδικότητας των κριτηρίων και την
τροποποίηση των υπαρχόντων κριτηρίων ήταν όλοι οι εγγεγραμμένοι ασθενείς ηλικίας ≥ 15
ετών που διαγνώστηκαν με ΣΕΛ από ειδικό ιατρό, κατά την περίοδο 1/2005-12/2016 και
ασθενείς ≥ 15 ετών με άλλες ρευματολογικές παθήσεις που επιλέχθηκαν τυχαιοποιημένα
από τα αντίστοιχα αρχεία ασθενών με άλλες ρευματολογικές παθήσεις των 2 συμμετεχόντων
κλινικών.
 Για τη δημιουργία προγνωστικού μοντέλου διάγνωσης ΣΕΛ με τεχνικές μηχανικής μάθησης
συμπεριλήφθηκε τυχαιοποιημένο δείγμα 802 ασθενών ηλικίας ≥15 ετών και διάγνωση ΣΕΛ
και άλλες ρευματολογικές παθήσεις από το 2005 και μετά, οι οποίοι επιλέχθηκαν
τυχαιοποιημένα από τα αντίστοιχα αρχεία ασθενών των 2 συμμετεχόντων κλινικών.
 Για το προοπτικό σκέλος εντοπίστηκαν άτομα ηλικίας ≥15 ετών που δεν πληρούν κανένα
κριτήριο για ΣΕΛ ή για άλλες ρευματολογικές ασθένειες, τα οποία εμφανίζουν θετικά
αυτοαντισώματα και κάποιες, όχι κλινικά σημαντικές εκδηλώσεις ή είναι πρώτου βαθμού
συγγενείς ασθενών με ΣΕΛ. Αυτή η ομάδα αποτελεί την προκλινική (preclinical) ομάδα
συμμετεχόντων ατόμων και παρακολουθούνται ανά 6-12 μήνες για πιθανή μετάβαση σε ΣΕΛ,
σύμφωνα με τον ιατρό ή τα κριτήρια ταξινόμησης.
Από τους ασθενείς συλλέχθηκαν δημογραφικά στοιχεία (φύλο, εθνικότητα, ημερομηνία γέννησης),
το έτος διάγνωσης του ΣΕΛ ή άλλων διαγνώσεων (σύμφωνα με τη γνώμη ιατρού), η παρουσία (ναι
/ όχι) και το έτος εμφάνισης καθεμίας εκδήλωσης από τα 3 σύνολα κριτηρίων ταξινόμησης (ACR1997, SLICC-2012, EULAR/ACR-2019), η παρουσία (ναι / όχι) και το έτος εμφάνισης επιλεγμένων
πρόσθετων κλινικών εκδηλώσεων της νόσου που δεν περιλαμβάνονται στα υπάρχοντα κριτήρια
ταξινόμησης (όπως φαινόμενο Raynaud, λεμφαδενοπάθεια σπληνομεγαλία, κλπ), η σοβαρότητα της
νόσου, η ανάπτυξη μη-αναστρέψιμης βλάβη οργάνων (δείκτης SLICC / ACR Damage Index). Για τη
συλλογή και την διαχείριση βάσεων δεδομένων για τη μελέτη, χρησιμοποιήθηκε η διαδικτυακή
πλατφόρμα RedCap.
Η ευαισθησία των κριτηρίων αξιολογήθηκε έναντι της διάγνωσης με βάση τον ιατρό, τόσο κατά τη
στιγμή της διάγνωσης όσο και κατά την τελευταία επίσκεψη του ασθενούς (συνολική ευαισθησία).
Προσδιορίστηκε η ειδικότητα με βάση τους ασθενείς με άλλες ρευματολογικές παθήσεις. Σε
ξεχωριστή ανάλυση, υπολογίσαμε την ημερομηνία εκπλήρωσης κάθε συνόλου κριτηρίων και τον
χρόνο που έχει παρέλθει από την εμφάνιση της πρώτης εκδήλωσης της νόσου. Η ανάλυση
επικινδυνότητας (Hazard analysis) χρησιμοποιήθηκε για να προσδιοριστεί ο διάμεσος χρόνος (95%
CI) μέχρι την ταξινόμηση για το κάθε σύνολο κριτηρίων. Οι τροποποιημένοι αλγόριθμοι ταξινόμησης
προήλθαν από την ανάλυση τυχαίου 80% του δείγματος και επικυρώθηκαν στο υπόλοιπο 20% του
συνόλου δεδομένων με πολλαπλές επαναλήψεις. Πραγματοποιήθηκαν συγκρίσεις μεταξύ των
ομάδων με τη δοκιμή McNemar ή την ανάλυση γραμμικού μικτού μοντέλου για μερικώς ζευγαρωμένα
δείγματα.
Για τη δημιουργία απλοποιημένου συστήματος αξιολόγησης για την διάγνωση του ΣΕΛ εφαρμόσαμε
δύο μοντέλα μηχανικής μάθησης, Logistic Regression (LR) σε συνδυασμό με LASSO Feature
Selection και Random Forest, σε πλήθος κλινικών χαρακτηριστικών από τα κριτήρια ταξινόμησης
(ACR-1997, SLICC-2012, EULAR / ACR-2019) και μη. Επιλέχθηκε το μοντέλο LR με την υψηλότερη
ακρίβεια κατά τη διαδικασία της διασταυρούμενης επικύρωσης (10-fold cross-validation) και
επαληθεύτηκε σε ανεξάρτητο δείγμα 513 ΣΕΛ ασθενών και 101 με άλλες ρευματολογικές ασθένειες.
Δημιουργήθηκε ένα απλοποιημένο σύστημα αξιολόγησης για την πιθανότητα διάγνωσης του ΣΕΛ
από το επιλεγμένο μοντέλο LR.
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Αποτελέσματα
Συνολικά 690 ασθενείς με ΣΕΛ και 401 μάρτυρες με διάγνωση 1/2005-12/2016 αναλύθηκαν
για τον υπολογισμό της διαγνωστικής αξίας των κριτηρίων ταξινόμησης ΣΕΛ. Η ανάλυση αυτή
ανέδειξε υψηλότερη συνολική ευαισθησία (υπολογιζόμενη καθ’ όλη τη διάρκεια της
παρακολούθησης) των EULAR / ACR-2019 και των SLICC-2012 κριτηρίων σε σύγκριση με τα ACR1997 (88,6%, 91,3% και 85,7%, αντίστοιχα), και υψηλότερη ειδικότητα των EULAR / ACR-2019
(97,3%, 93,8% και 93,0% αντίστοιχα). Ωστόσο, τη χρονική στιγμή της διάγνωσης του ΣΕΛ από τον
κλινικό ιατρό η αντίστοιχη ευαισθησία των κριτηρίων ήταν σαφώς χαμηλότερη (74,4%, 73,5%, και
69,5% αντίστοιχα). Παρόλο που τόσο τα EULAR/ACR όσο και τα SLICC κριτήρια επέτρεψαν την
ταξινόμηση των ασθενών με ΣΕΛ νωρίτερα σε σύγκριση με τα κριτήρια ACR, η ταξινόμηση αυτή
καθυστέρησε κατά >3 μήνες σε 17,3-19,9% των περιπτώσεων. Επιπλέον, μεταξύ των ασθενών με
νευροψυχιατρικό λύκο (ΝΨΣΕΛ), η καθυστέρηση στη διάγνωση ήταν ακόμα πιο σημαντική.
Η ανάλυση μόνο των ασθενών με διάρκεια νόσου <3 έτη, ανέδειξε σημαντικά αυξημένη συνολική
ευαισθησία των EULAR / ACR (87,3%) και των SLICC (91,4%) σε σύγκριση με τα κριτήρια ACR
(79,9%, p <0,01 και p <0,001, αντίστοιχα). Σε αυτήν την ομάδα ασθενών, η διάμεση (95% CI) χρονική
διάρκεια μεταξύ της πρώτης εκδήλωσης της ασθένειας και της εκπλήρωση των κριτηρίων ήταν
βραχύτερη για τα EULAR / ACR (9,1 [6,5-11,8] μήνες) και SLICC (9,1 [6.9-11.3] μήνες) σε σύγκριση
με τα κριτήρια ACR (12,1 [9,6-14,7] μήνες, p = 0,043 και p = 0,001, αντίστοιχα), υποδηλώνοντας ότι
τόσο τα κριτήρια EULAR / ACR όσο και SLICC έχουν αυξημένη ευαισθησία στον πρώιμο ΣΕΛ και
επιτρέπουν την ταξινόμηση συντομότερα από τα κριτήρια ACR.
Συνολικά, μόνο το 2,9% των ασθενών με ΣΕΛ δε ταξινομήθηκαν από κάποιο από τα τρία κριτήρια
καθ’ όλη τη διάρκεια της παρακολούθησης, ενώ μόνο το 76,7% των ασθενών με ΣΕΛ πληρούσε και
τα τρία κριτήρια, γεγονός που υποδηλώνει ότι το κάθε σύνολο κριτηρίων ταξινομεί διακριτούς
φαινοτύπους της νόσου. Οι ασθενείς που δεν πληρούσαν τα κριτήρια ACR είχαν σημαντικά
υψηλότερο επιπολασμό αιματολογικών και ανοσολογικών εκδηλώσεων. Οι ασθενείς που δεν
πληρούσαν τα EULAR / ACR είχαν αυξημένα ποσοστά βλεννογονο-δερματικών εκδηλώσεων, ενώ
εκείνοι που δεν ταξινομούνταν από τα κριτήρια SLICC είχαν κυρίως εκδηλώσεις από το δέρμα και
τις αρθρώσεις. Από τους ασθενείς που δεν πληρούσαν κάποιο από τα τρία κριτήρια το 15% είχαν
μετρίως σοβαρές εκδηλώσεις κατά BILAG και το 45% είχαν σοβαρές εκδηλώσεις κατά BILAG, ενώ
το 50% των ασθενών αυτών εμφάνισε κατά τη διάρκεια της παρακολούθησης μη αναστρέψιμη βλάβη
οργάνων. Το 20% των ασθενών αυτών είχε νευρολογικές εκδηλώσεις, ενώ η συχνότητα των
ανοσολογικών εκδηλώσεων στους ασθενείς αυτούς ήταν χαμηλότερη.
Προκειμένου να βελτιώσουμε την ακρίβεια των κριτηρίων ταξινόμησης, διερευνήσαμε εναλλακτικούς
αλγόριθμους ταξινόμησης με βάση τα υπάρχοντα κριτήρια. Συγκεκριμένα, εξήχθη ένα τυχαίο δείγμα
του 80% του συνολικού μας δείγματος (derivation cohort) και χρησιμοποιώντας τα χαρακτηριστικά
των ασθενών της κοορτής μας, έγινε τροποποίηση των αλγορίθμων των EULAR/ACR και SLICC
κριτηρίων. Συμπεριλήφθηκαν τα χαμηλά συμπληρώματα ή / και τα θετικά αντιφωσφολιπιδικά
αντισώματα ως εναλλακτικό κριτήριο εισόδου στην περίπτωση των EULAR / ACR , ενώ στην
περίπτωση των SLICC κριτηρίων έγινε τροποποίηση ώστε να επιτρέπεται η ταξινόμηση ασθενών
με λιγότερα κλινικά χαρακτηριστικά, αλλά με εκδηλώσεις από πολλαπλά όργανα. Δοκιμάσαμε τους
τροποποιημένους αλγόριθμους των κριτηρίων στο υπόλοιπο 20% του δείγματος (validation cohort)
και εκτελώντας 100 επαναλήψεις των αναλύσεων, για να ληφθεί υπόψη η ετερογένεια των ασθενών,
υπολογίσαμε τη διάμεση ευαισθησία και ειδικότητα των τροποποιημένων κριτηρίων. Τα
τροποποιημένα αυτά κριτήρια EULAR/ACR και ανέδειξαν αυξημένη ευαισθησία κατά τη διάγνωση
(διάμεση ευαισθησία 82,0% και 86,2% αντίστοιχα) και αυξημένη συνολική ευαισθησία (διάμεση
93,7% και 97,1% αντίστοιχα) με μικρή πτώση στην ειδικότητά τους (διάμεση ειδικότητα 94,9% και
90,2% αντίστοιχα). Σημαντικά, οι ασθενείς που δεν ταξινομούνταν από το τροποποιημένα αυτά
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κριτήρια είχαν χαμηλότερη συχνότητα εμφάνισης σοβαρής προσβολής οργάνων, χρήσης
ανοσοκατασταλτικών / βιολογικών θεραπειών και μόνιμης βλάβης οργάνων.
Για την ανάπτυξη προγνωστικού μοντέλου διάγνωσης για τον ΣΕΛ, 40 κλινικά επιλεγμένα πάνελ
εκδηλώσεων του ΣΕΛ (που συμπεριλαμβάνονται ή όχι στα υπάρχοντα κριτήρια ταξινόμησης),
υποβλήθηκαν σε αλγόριθμους μηχανικής εκμάθησης που απέδωσαν ένα μοντέλο 14 μεταβλητών
LASSO (M31) με την καλύτερη απόδοση (CV10 ακρίβεια 95,3%, AUC 98,4%). Από το μοντέλο LR
αναπτύξαμε ένα απλοποιημένο σύστημα αξιολόγησης, βασισμένο σε 14 κλασσικά κλινικά και
ανοσολογικά χαρακτηριστικά, τον δείκτη SLE Risk Probability Index (SLERPI). Η θρομβοπενία/
αιμολυτική αναιμία, ο οξύς δερματικός λύκος, η πρωτεϊνουρία, τα χαμηλά επίπεδα C3/C4, τα ANA
και άλλα αυτοαντισώματα (αντιφωσφολιπιδικά, anti-DNA, anti-Sm) είχαν την ισχυρότερη
προγνωστική αξία και αντιστοίχως, το υψηλότερο συντελεστή βαρύτητας στο μοντέλο. Η χρήση του
SLERPI επιτρέπει αφενός την ταξινόμηση των ασθενών σε κατηγορίες πρόγνωσης του ΣΕΛ
(απίθανος, πιθανός, πολύ πιθανός και σίγουρος ΣΕΛ), αφετέρου τη διχοτομική διάγνωση (ΣΕΛ ή
όχι) με ακρίβεια 94.8%. Επίσης, ο SLERPI παρουσιάζει υψηλή ευαισθησία για ασθενείς ΣΕΛ με
πρώιμη νόσο (93.7%), νεφρίτιδα (97.9%) και σοβαρή νόσο που χρήζει ανοσοκατασταλτικήςβιολογικής θεραπείας (96.4%).
Το προοπτικό μέρος αυτής της διατριβής είναι μια εξελισσόμενη μελέτη. Μετά από μέση
παρακολούθηση 14,3 ± 7,5 μηνών (μέσος όρος ± τυπική απόκλιση), 127 συμμετέχοντες (100%
Καυκάσιοι, 93,7% γυναίκες, μέση ηλικία 38,2 έτη) συμπεριλήφθηκαν στην προκαταρκτική ανάλυση.
Η πλειοψηφία των συμμετεχόντων (75,6%) ήταν θετικοί για ΑΝΑ αντισώματα και οι συχνότερες
αρχικές εκδηλώσεις ήταν η αρθρίτιδα (40,1%), η φωτοευαισθησία (33,1%), το εξάνθημα χρυσαλίδας
(29,1%) και το φαινόμενο Raynaud (29,1%). Μέχρι στιγμής, 11 συμμετέχοντες έχουν μεταπέσει σε
διάγνωση ΣΕΛ και 10 συμμετέχοντες έλαβαν εναλλακτικές διαγνώσεις. Μεταξύ των περιπτώσεων
που διαγνώστηκαν με ΣΕΛ, μόνο ένας ασθενής πληρούσε τα κριτήρια ACR-1997 κατά την πρώτη
εκτίμηση, ενώ 6 (54,5%) ασθενείς πληρούσαν τα κριτήρια SLICC-2012 και 2 (18,2%) ασθενείς
πληρούσαν τα κριτήρια EULAR / ACR-2019. Τη στιγμή της διάγνωσης ΣΕΛ από τον ιατρό, 5 (45,5%)
ασθενείς πληρούσαν τα ACR-1997 κριτήρια, 10 (90,9%) τα SLICC-2012 και 10 (90,9%) τα κριτήρια
EULAR / ACR-2019. Μεταξύ των ασθενών που διαγνώστηκαν με εναλλακτικές ασθένειες 1 (10%)
ασθενής ταξινομήθηκε εσφαλμένα ως ΣΕΛ από τα κριτήρια ACR-1997, 2 (20%) από τα κριτήρια
SLICC-2012 και 4 (40%) από τα κριτήρια EULAR / ACR-2019, τόσο κατά την πρώτη εκτίμηση όσο
και στην τελευταία. Μεταξύ αυτών των ατόμων που ανέπτυξαν ΣΕΛ (n = 11), οι 4/11 είχαν
βαθμολογία SLERPI> 7 κατά την πρώτη εκτίμηση και 10/11 κατά τη στιγμή της διάγνωσης ΣΕΛ από
τον κλινικό ιατρό. Μεταξύ των ασθενών που είχαν διαγνωστεί με εναλλακτικές διαγνώσεις (n = 10),
6/10 ασθενείς και 8/10 ασθενείς είχαν βαθμολογία SLERPI> 7 κατά την πρώτη και τελευταία εκτίμηση
αντίστοιχα.
Συμπεράσματα
Τα υπάρχοντα κριτήρια ταξινόμησης ενδέχεται να μην επιτυγχάνουν την ταξινόμηση ασθενών με
δυνητικά σοβαρή ασθένεια και να καθυστερούν, ιδιαίτερα σε περιπτώσεις νευρολογικού ΣΕΛ. Ο
συνδυασμός και τω τριών κριτηρίων ταξινόμησης μπορεί να εξασφαλίσει την περίληψη του μέγιστου
αριθμού ασθενών σε κλινικές δοκιμές. Η τροποποίηση του ορίου ταξινόμησης μπορεί να ενισχύσει
περαιτέρω την ευαισθησία των νέων κριτηρίων EULAR/ACR, ιδιαίτερα στα αρχικά στάδια της νόσου.
Ο νέος αλγόριθμος εκτίμησης πιθανότητας ΣΕΛ, ο οποίος αναπτύχθηκε με τεχνικές ML με βάση τις
συχνές εκδηλώσεις της νόσου, θα μπορούσε να βοηθήσει στην έγκαιρη ανίχνευση και θεραπεία της
νόσου, συμπεριλαμβανομένων των σοβαρών μορφών της.
Τέλος, τα προκαταρκτικά αποτελέσματα της προοπτικής μελέτης δείχνουν ότι μεταξύ ατόμων με
θετικά αυτοαντισώματα ή με πρώτου βαθμού συγγενείς με ΣΕΛ, ο βραχυπρόθεσμος κίνδυνος
μετάβασης σε ΣΕΛ είναι χαμηλός. Τα κριτήρια SLICC-2012 μπόρεσαν να ταξινομήσουν εκείνες τις
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περιπτώσεις που μετέβησαν στον ΣΕΛ νωρίτερα, αλλά κατά τη στιγμή της διάγνωσης από τον
κλινικό ιατρό τόσο τα κριτήρια SLICC-2012 όσο και τα κριτήρια EULAR / ACR-2019 ταξινόμησαν το
90% των ασθενών. Ο αλγόριθμος SLERPI έδειξε υψηλή ευαισθησία κατά τη στιγμή της διάγνωσης
από τον ιατρό, αλλά εσφαλμένα προέβλεψε τη διάγνωση ΣΕΛ στους περισσότερους ασθενείς που
έλαβαν τελικά εναλλακτικές διαγνώσεις. Μετά την ολοκλήρωση της μελέτης, τα κλινικά δεδομένα και
τα δεδομένα που σχετίζονται με τον τρόπο ζωής των συμμετεχόντων θα συνδυαστούν με
πληροφορίες από μεταγραφικό αίμα για τον καθορισμό μιας υποομάδας ατόμων υψηλού κινδύνου
για εξέλιξη στον ΣΕΛ.
Παρά την υψηλή απόδοση των κριτηρίων ταξινόμησης και του νέου προγνωστικού αλγορίθμου ΣΕΛ
SLERPI, η ανάπτυξη βελτιστοποιημένων κριτηρίων ταξινόμησης (ή διάγνωσης) που θα
περιλαμβάνει όλους τους ασθενείς με κλινικά σημαντική νόσο, ενώ θα αποκλείει τα υγιή ή με άλλη
νόσο άτομα, παραμένει ένας σημαντικός και ανεκπλήρωτος στόχος.
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1.

Introduction

1.1 Systemic Lupus Erythematosus (SLE): an overview
1.1.1 Epidemiology and clinical manifestations of SLE
Systemic lupus erythematosus (SLE) is a complex autoimmune disease with worldwide differences
in its incidence and prevalence that vary with sex, age, ethnicity and time (1). Prevalence
predominates in women with a female to male ratio ranging between 1.2:1 and 15:1 (2). On the other
hand, men with SLE often exhibit a more aggressive clinical course with rapid accrual of organ
damage, resulting in a poorer prognosis compared to women with SLE (3). There is a peak age of
incidence, which occurs in middle-aged adults with most studies confirming a delayed peak age of
incidence in males compared to females (2). Ten to twenty percent of all patients with SLE are
diagnosed during childhood (4), in whom a lower female/male ratio is noted (5). It is generally
accepted that children with SLE have a more severe clinical course than that seen in adults, with
higher prevalence of lupus nephritis, hematologic abnormalities and neuropsychiatric involvement (4).
At the other end, late-onset lupus refers to cases with disease onset after the age of 50. In this group,
cutaneous manifestations, renal involvement and neuropsychiatric SLE (NPSLE) are less common
(6–8), while lung involvement, pericarditis and sicca symptoms have been reported more frequently
(8). Furthermore, while elderly patients tend to have lower disease activity, the frequency of
permanent organ damage is similar to younger patients (7,9), if not higher (10).
A wide geographical variation in the reported incidence and prevalence of SLE and racial disparities
are also notable across many studies. While people of Black ethnicity have the highest incidence and
prevalence of SLE, those with White ethnicity have the lowest (2). In a systematic review of worldwide
SLE studies (2), the highest estimates of incidence and prevalence of SLE were reported in North
America (23.2/100,000 and 241/100,000 person-years, respectively). Lower incidences of SLE were
reported in Africa and Ukraine (0.3/100 000 person-years) and the lowest prevalence was in Northern
Australia (0 cases in a sample of 847 people). The first estimates of SLE incidence and prevalence
on the island of Crete were reported 8.6/100,000 and 123.4/100,000 person-years respectively (11).
The overall trend worldwide is increasing, probably due to earlier recognition and increased
awareness which leads to diagnosis of more mild cases (12).
Disease severity and prevalence of manifestations may also vary according to ethnic background and
is generally worse in patients of African ancestry and Latin Americans (12). More specifically, recent
data indicate that Blacks, Asian/Pacific Islanders, and Hispanics are at increased risk of developing
lupus nephritis, thrombocytopenia, and antiphospholipid syndrome earlier than Whites following SLE
diagnosis, with higher frequency of antiphospholipid syndrome among Asian/Pacific Islanders, while
neuropsychiatric lupus is less common among Hispanics (13).
SLE is considered the prototype of autoimmune diseases. It is characterized by production of multiple
autoantibodies, immune complex deposition, and heterogeneous clinical manifestations. The number
of different organ systems that can be affected reflects its multifaceted nature, while each organspecific involvement can manifest differently and with various degrees of severity (5). For example,
while the most common cardiac manifestation is asymptomatic pericardial effusion and pericarditis,
which affects a quarter of SLE patients (14), cardiac involvement can also manifest with myocarditis,
coronary artery disease, pulmonary hypertension and Libman–Sacks endocarditis (15).
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Lupus manifestations may not appear simultaneously and, in some cases, several months or years
may elapse between the appearance of each symptom/sign. In most patients, articular involvement,
which may range from arthralgias to inflammatory arthritis, mucocutaneous manifestations (typically
photosensitive rashes), leucopenia and non-specific symptoms, such as fatigue and low grade fever
represent the most common manifestations at disease onset (16). It is notable that fever was first
included as a separate item in the new European League Against Rheumatism/ American College of
Rheumatology (EULAR/ACR)-2019 classification criteria (17), since it was reported by more than half
of SLE patients around their diagnosis during the survey performed for the new criteria configuration
(18). Kidneys are involved in about one third of patients (5), with half of biopsy-proven lupus nephritis
(LN) cases showing proliferative LN (16).
NPSLE is not uncommon, with a highly variable reported prevalence ranging between 10% and 96%
(19), which represents the lack of reliable attribution criteria of neuropsychiatric events to SLE (20).
The spectrum of NPSLE is very broad and includes a variety of neurologic and psychiatric
manifestations with seizures, cerebrovascular events, peripheral neuropathies and psychosis
representing the most typical (16). NPSLE usually presents in the context of generalized SLE disease
activity (21) and around half of NPSLE manifestations occur at disease diagnosis (16). Similarly, other
serious SLE manifestations, including renal involvement, typically manifest during the first five years
since disease onset (22,23). Generally, a milder disease pattern may prevail at the community level
as opposed to large referral centres (24), including the prevalence of LN and NPSLE, which is
reported higher in tertiary care centres (25).
Antinuclear antibody (ANA) positivity is almost universal in SLE, with a prevalence of >95% (26) and
has been shown to predate the clinical manifestations of the disease (27). Specific autoantibodies to
nuclear antigens (anti-dsDNA) and antibodies to the extractable nuclear antigens (ENA), such as Ro
(anti-SSA), La (anti-SSB), Smith (anti-Sm) and ribonucleoproteins (anti-RNP) are often detected in
lupus patients and have been associated with specific manifestations and prognosis. More
specifically, antibodies to double-stranded DNA (anti-dsDNA), which are the most studied, have been
characterized for their pathogenic role in LN (28). The anti-Sm are only found with a frequency of 20%
in SLE, albeit they are considered, together with the anti-dsDNA, highly specific for the disease (28).
They are associated with the severity and activity of renal involvement (29). On the contrary, antiRNP antibodies have been associated with milder renal involvement and are more frequent among
patients with Raynaud’s phenomenon (29), although studies proving these associations are limited.
Anti-Ro/SSA and anti-La/SSB antibodies are among the most frequently detected autoantibodies
against ENA and are highly associated with Sjogren’s Syndrome (SS). They are frequently found in
patients with SLE and are linked to subacute cutaneous lupus erythematosus (SCLE), and neonatal
lupus erythematosus (NLE) (30). Serum complement levels (C3, C4) may be depressed in patients
with active disease, especially in LN and haematological manifestations and are often used together
with anti-dsDNA titres to monitor disease activity (31). Finally, Anti-phospholipid antibodies (aPLs)
are found in 30%–40% of SLE patients and are associated with thrombosis, NP manifestations and
haemolytic anemia (28). Around half of SLE patients with aPLs develop antiphospholipid syndrome
(APS) (32). Recently, the coexistence of anti-RNP, anti-Sm antibodies and lupus anticoagulant (LA),
have been associated with increased risk of thrombosis (32).
SLE can literally affect every organ and since there is no specific pattern of symptoms/organ
involvement combinations, definite diagnosis of SLE often represents a challenge (33). Lupus
diagnosis remains clinical and mostly relies on the physician’s experience, especially for those
patients presenting with mild disease in the absence of specific autoantibodies (e.g., anti-dsDNA) or
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characteristic lupus manifestations (e.g., malar rash). In this regard, manifestations included in
classification criteria may aid the diagnosis in less experienced physicians, although common
manifestations not included in any classification criteria, like Raynaud’s phenomenon which is often
one of the initial manifestations, could also alert physicians towards a diagnosis of lupus (16).

1.1.2 Pathogenesis of disease
The pathogenesis of SLE briefly involves the loss of tolerance to self-antigens, eliciting autoimmunity,
after the trigger of environmental factors in genetically susceptible individuals (34). The inheritance of
disease susceptibility of multifactorial traits such as SLE favours the principle of the “threshold liability
model” (35). According to this model, individuals will develop disease when the number of SLE
susceptibility genes that contribute to additive disease liability exceeds a certain hypothetical
threshold. This disease liability is further modified by environmental exposures and stochastic events
experienced by an individual in his life, as well as hormonal factors (35).
Genetic factors
Studies on familial aggregation and heritability of SLE support the significant role of genetic factors in
the pathogenesis of lupus and other autoimmune diseases. In a recent study, lupus heritability, i.e.,
the proportion of the phenotypic variance explained by genetic factors, was estimated to be 43.9%
(36). The remaining risk may be driven by shared (“familial”) (26%) and non-shared environmental
factors (30%) (36). To date, more than 60 susceptibility loci associated with the risk of SLE
development have been identified by genome-wide association studies (GWAS) across populations
(37). Many of these GWAS-associated variants fall in noncoding regions of the genome, while
associated loci explain only a small percentage of the overall heritability of the diseases (38). This
suggests that epigenetic modifications and the presence of regulatory elements play an important role
which serves as the link between genotype, environment and phenotype.
Epigenetics
Epigenetic mechanisms control the accessibility of DNA to the transcriptional complex, including
transcription factors and RNA polymerases, without altering the underlying DNA sequence,
influencing the phenotypic outcomes of the disease. A number of molecular mechanisms contribute
to these mechanisms, including DNA methylation, histone modifications, and non-coding transcripts
(38).
DNA methylation, which involves the addition of a methyl-group to the 5′ carbon position of cytosine
in cytosine-phosphate-guanosine (CpG) dinucleotides is the most well-studied epigenetic event. It
controls the accessibility of regulatory regions to transcription factors, transcriptional co-activators,
and RNA polymerases. The importance of DNA methylation has been underlined in a study of
monozygotic twins, where significantly variable DNA methylation patterns were demonstrated
between SLE patients and those of healthy twins, in a set of genes with biological functions relevant
to SLE pathogenesis (39). Post-translational histone modification also regulates gene expression on
the epigenetic level. In eukaryotic cells, histone proteins aggregate to octamers which form complexes
with genomic DNA, referred to as nucleosomes (38). Histone proteins modifications (including
acetylation, citrullination, phosphorylation, and methylation) alter the accessibility to transcriptional
factors and finally gene expression (40). Transcription of non-coding RNAs from either intronic or
intergenic regions of the genome is also important for the regulation of gene expression. Non-coding
RNAs are processed by nuclear ribonucleases and cytoplasmic enzymes, resulting in micro RNAs
(miRNAs), which are usually 21–23 base-pair spanning processed transcripts that can interfere with
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gene expression (38). Correlations between non-coding RNA expression and DNA methylation have
been established, showing that a strong interplay between miRNAs and other epigenetic control
mechanisms exists (40).
Environmental factors
Genetic factors interact with environmental exposures to induce susceptibility for developing SLE
(41). Epidemiologic evidence suggests that increased risk of SLE is associated with exposure to
crystalline silica, cigarette smoking, use of oral contraceptives and postmenopausal hormone
replacement therapy, while there is an inverse association with alcohol intake (41). Mechanisms
linking environmental exposures and SLE include epigenetic modifications resulting from exposures,
and increased oxidative stress, systemic inflammation and inflammatory cytokine upregulation, and
hormonal effects.
Exposure to crystalline silica has been linked to the development of several autoimmune diseases,
among which Rheumatoid Arthritis (RA), SLE and Systemic Sclerosis (SSc) (42). In particular,
regarding its relation to SLE, duration of exposure seems to correlate positively with the risk of
developing lupus (42). Less confirmed associations have been reported for exposure to heavy metals,
solvents and other industrial chemicals, pesticides and air pollutants (42). Moreover, It is known that
ultraviolet light exposure exacerbates disease in SLE patients, although its association with disease
pathogenesis is not clear (41). Certain viral infections have also been proposed as environmental
triggers of the disease, probably through triggering autoimmunity via structural or functional molecular
mimicry, encoding proteins that induce cross-reactive immune responses to self-antigens or through
viral apoptosis induction increasing the autoantigenic load (43). Tobacco smoking has also been
associated with increased risk of developing several autoimmune diseases, including RA, SLE,
multiple sclerosis, Graves' hyperthyroidism, and primary biliary cirrhosis, among others (44). In
addition to its usual adverse effects, tobacco smoking has been linked to an increased risk of SLE,
while data on passive smoking remains scarce and controversial (45). Furthermore, tobacco use
negatively influences the course of the disease and its treatment. Specifically, cigarette smoking
significantly reduces the therapeutic effectiveness of hydroxychloroquine in cutaneous lesions
(pooled OR 0.53; 95%CI: 0.305–0.927) and belimumab in systemic manifestations (HR 0.10; 95% CI
0.02–0.43) (45).
While female predominance characterizes SLE in adult populations, the female to male ratio
decreases in childhood-onset lupus, suggesting the importance of hormonal differentiation,
particularly of oestrogens, between men and women in the pathophysiology of SLE (46). In
concordance to this, flares are more common during the pre-menstrual period and pregnancy, time
periods characterized by increased oestrogen levels (46). Epidemiologic research suggests that
exogenous hormone use (including both oral contraceptives and hormone replacement therapy
[HRT]) are associated with an increased risk of SLE (47).
Immune system activation and autoimmunity
Current paradigm models suggest that environmental factors affect immunologic responses via
epigenetic modifications in genetically susceptible individuals, eventually leading to an inflammatory,
autoimmune, multi-systemic disease characterized by autoantibody production and tissue injury (48).
At a molecular level, multiple abnormalities in the immune system are typical of SLE and contribute
to the disease process.
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Until recently, most studies focused in the pathogenesis of SLE at the level of adaptive immunity.
More specifically, an abnormal T cell phenotype, resulting from both biochemical and molecular
defects, has been described in SLE. This phenotype leads to abnormal T-cell activation, mediation of
inflammatory response, including perpetuation of autoantibody production by B cells (49), which is a
hallmark of the disease. It is known that B cell expression and activation is also abnormal in lupus
(50). The pivotal role of B cells in the pathogenesis of SLE is indicated by the typical formation of
immune complexes with autoantibodies produced by B cells that target various autoantigens which is
characteristic of SLE (50). Immune complexes formation results in their deposition in tissues,
activation of complement and defective cellular apoptosis. Apart from producing autoantibodies, B
cells contribute to autoimmunity also via disturbed cytokine production and antigen presentation (51).
Together, these findings have led to the introduction of B-cell-targeted therapies, which provide new
insight into clinical treatment methods of SLE (50).
A growing body of evidence supports the role of the innate immune system in disease initiation and
progression, as well as tissue damage (52). The emphasis on the role of the innate immune system
derived from the observation that a majority of patients with SLE display an ongoing production of
type I interferons (IFNs) with an increased expression of type I IFN–regulated genes (an IFN
signature) (52). Indeed, increasing evidence links the IFN signature with both disease activity and
severity (53). Type I IFN overexpression links the innate with the acquired immune system by
contributing to loss of tolerance and activation of autoreactive T and B cells and enhancing B cell
proliferation and differentiation to antibody-secreting plasma cells (52). Deficient phenotypes and
functions of innate immune cells, namely neutrophils, monocytes, macrophages, and dendritic cells
(DCs) have been identified in SLE patients (53). These defective cells contribute to the pathogenesis
of SLE, resulting in ineffective clearance of apoptotic debris from dying cells, which facilitates
autoantigen presentation to the adaptive immune system and inflammatory cytokine production (49).
Apart from apoptosis and necrosis, several other forms of cell death have been revealed, such as
NETosis, autophagy, necroptosis and pyroptosis. In particular, some neutrophil subsets, which are
able to produce IFN-a, are prone to form neutrophil extracellular traps (NETs) spontaneously, without
triggering stimuli otherwise required for NETosis. Impaired NET degradation exposes autoantigens,
such as histones and DNA, and facilitate the binding of autoantibodies to constituents of NETs which
cause the generation of immune complexes leading to the production of IFN-a. Consequently,
impairment of NET degradation has been shown to follow disease activity (53).
The pathogenic mechanisms that lead to induction of varying degrees of organ inflammation and
failure in lupus are becoming clear, with genetic predisposition in the setting of environmental triggers
and epigenetic events leading to innate immune system activation associated with pathological T and
B cell collaboration and subsequent formation of the lupus phenotype (54). Understanding the
pathogenesis of a complex disease is critical for the identification of new therapeutic targets that could
lead to a significant change in disease course and prognosis.

1.1.3 Disease course
The disease starts with a phase of asymptomatic autoimmunity (preclinical phase) characterised by
nonspecific autoimmune abnormalities common to all autoimmune diseases (e.g. positive ANA) and,
later, by lupus-specific autoantibodies (55). The clinical course proceeds to the initial symptoms of
the disease (incomplete lupus erythematosus) through full-spectrum SLE manifestations (complete
lupus erythematosus) (56) and is characterized by periods of variable disease activity and flares,
leading to irreversible organ damage (55). The time interval from the appearance of autoantibodies
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to the onset of the first symptoms may include many years leading to delays in SLE diagnosis,
although some patients present from inception with a full-blown disease (33). Nevertheless, some
individuals with immunologic features suggestive of SLE will never progress to clinical lupus (57).
Whether any clinical or serological markers could predict which of these individuals will eventually be
diagnosed with SLE is the subject of many clinical and molecular studies. Specifically, studies on
molecular markers predictive for SLE, have stressed the importance of increased expression of IFNtype I inducible genes in the prediction of SLE progression (58,59). Furthermore, the presence of antidsDNA and anticardiolipin antibodies, as well as membrane bound complement are all associated
with progression to SLE (59,60) One study found that elevated baseline plasma levels of inflammatory
mediators, including B-lymphocyte stimulator (BLyS), stem cell factor (SCF), and interferonassociated chemokines, with concurrent decreases in levels of regulatory mediators, tumour growth
factor (TGF)-β and interleukin-10 were independent predictors of SLE transition in blood relatives of
SLE patients (61). However, all these suggested biomarkers require validation in large longitudinal
studies for use in clinical practice. Similarly, although disease course may be unpredictable, certain
features have been associated with severe disease. Specifically, childhood-onset SLE, male patients,
patients with low complement, positive anti-DNA or aPL antibodies and patients with high IFN
signature are more likely to develop severe SLE (62).
Despite advances in the management of the disease, SLE remains a chronic disease with a waxing
and waning course and significant morbidity. Studies on disease activity in systemic lupus
erythematosus have distinguished three different patterns of disease course: long quiescent,
relapsing-remitting and persistently active (63,64). The majority of patients have periods of disease
quiescence alternating with flares (relapsing-remitting course) (63,65) while at 10 years since
diagnosis, only 10% of patients had shown continuous remission and 10% persistently active disease
in a recent study (63). In this study, patients with continuous disease activity had accumulated
significantly more damage at ten years than patients on prolonged remission or with relapsingremitting course (63). Not unexpectedly, prolonged remission and low disease activity status have
been associated with lower flare rates, reduced risk of damage accrual and improvement in patient
reported outcomes (66–68). Accordingly, the recently (2019) updated EULAR recommendations on
the management of SLE suggest that the treatment target in SLE should be remission or, if this state
cannot be achieved, low disease activity in all organ systems (69).
Flares of disease activity may occur at any time and can include either exacerbations of old
manifestations or appearance of new manifestations, especially early in the disease course. Although
unpredictable, environmental factors such as stress, ultraviolet radiation and viral infections are
known to contribute to the induction of lupus flares (62). The risk for disease exacerbations is higher
in the context of continuous serological and clinical disease activity, especially from major organs
(70). A history of vasculitis, glomerulonephritis and haematological manifestations over the patients'
disease course has also been associated with an unremitting disease course (71). Distinguishing
lupus flares from other conditions, such as infection, drug adverse events, and fibromyalgia, can be
perplexing due to the multi-systemic nature of the disease and the low or modest specificity of its
manifestations (70). Therefore, when a patient with SLE presents with new manifestations, such as
fever, a detailed history, complete physical examination, and targeted laboratory work-up is always
required to exclude other causes, especially infections (70).
As the disease progresses with time, clinical presentation may result not only from lupus flares, but
also from damage accrual driven initially by inflammation and later by treatment, namely
glucocorticoids and immunosuppressives (72). Disease activity of SLE tends to decrease during the
course of the illness, especially after the first 5 years since diagnosis (72), albeit permanent organ
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damage accumulates, particularly that related to corticosteroid therapy (72). Half of the patients will
have accrued some damage at year 10 (73), while it is known that patients who accumulate damage
during the first year of illness are at increased risk for hospitalization and mortality (74–76). With time,
comorbidities such as infections, premature atherosclerosis and malignancies also become an
important part of the disease burden, as discussed below. Timely implementation of effective therapy
targeting low-disease activity or remission has the potential to decrease the frequency and severity
of lupus flares and resulting damage.

1.1.4 Disease burden
The prognosis of patients with systemic lupus erythematosus has improved dramatically during the
past decades, due to both earlier detection of the disease and the development of effective, less toxic
drug regimens (77). However, even in modern times, SLE diagnosis may be delayed after initial
symptoms appear (78), and nearly half or more of patients are initially misdiagnosed with another
condition for which they often receive treatment (79,80). In fact, prior to receiving the correct diagnosis
of SLE, patients attend numerous consultations to a median of three physicians (79). Furthermore,
since SLE remains a chronic, incurable disease, improved survival has led to higher burden of illness
for both patients and carers (79) and, importantly, higher costs of illness (81). These facts have
considerable impact on the psychological, physical, social and financial status of both patients and
their carers (79).
Increased risk of comorbidities
Surveillance for the development of comorbidities is important and should be incorporated in the care
for patients with SLE. These comorbidities can be either causally associated with SLE, due to direct
disease involvement or chronic inflammation (chronic kidney disease, atherosclerosis, some
malignancies), or the consequence of SLE medication, especially glucocorticosteroids and/or other
immunosuppressants (cataract, low bone density, secondary diabetes, infections) (5). In the lupus
registry of the Rheumatology Department of the University Hospital of Heraklion, which is one of the
two SLE cohorts that participated in this dissertation, a high prevalence of multimorbidity state was
found, with more than half of SLE patients reporting ≥3 physical and about one-third of patients
reporting ≥2 mental comorbid diseases (82).
SLE has been linked to accelerated atherosclerosis, resulting in an increased risk for coronary artery
disease, stroke and peripheral arterial disease (83). Apart from traditional atherosclerotic risk factors
(hypertension, hypercholesterolemia, diabetes and smoking), persistent disease activity, severe lupus
manifestations and high cumulative dose of glucocorticosteroids are additional risk factors in lupus
patients (83). Atherosclerotic vascular events, including transient ischemic attacks (TIAs) and stroke,
were reported in 10% of SLE patients during the course of the disease (84). The prevalence of
coronary artery disease in different cohorts, was 6–11% and subclinical carotid plaque development
was reported in 30–50% of patients with SLE (84), while an up to 10-fold increased risk of myocardial
infraction than the general population has been found, with the highest relative risk in premenopausal
women (85,86). Although substantial progress has been made in the awareness of the high risk for
cardiovascular disease in lupus patients (5), the effectiveness of preventative strategies and
pharmacological interventions in this population has not been thoroughly studied (87).
Low bone mass density (BMD) and osteoporosis are very prevalent in patients with lupus (88), due
to multifactorial aetiology. In addition to traditional osteoporosis risk factors, chronic inflammation,
hormonal and metabolic factors, and importantly, the use of glucocorticosteroids for disease control
contribute to loss of bone mass (89,90). Consequently, patients with SLE are at increased risk for
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vertebral and non-vertebral fractures, with an estimated 5-fold increase of the occurrence of
symptomatic fractures compared to the general population (90). Notably, one in three SLE patients
with vertebral fractures have normal BMD (91,92) suggesting that, not only low bone mass, but also
low bone quality, plays a major role in the increased risk for fractures in lupus patients.
Unfortunately, SLE patients are at increased risk for certain malignancies. More specifically, the
incidence of lung cancer in SLE patients is increased when compared to the general population (88)
(93), with the highest risk (3.38-fold) found for small cell carcinoma (94). A large multinational study
that estimated the cancer risk in SLE relative to the general population (95) showed that SLE patients
have a 3-fold increased risk for all hematologic malignancies, specifically Non-Hodgkin Lymphoma
(4.39- fold), and leukaemia (1.75-fold), while in a systematic review and meta-analysis, myeloma was
also found increased >2-fold (96). Malignancies of the vagina, vulva and cervix are more common in
SLE than the general population (88,93,97). SLE women are at high risk for persistent human
papillomavirus (HPV) infection (93), which is the main risk factor for vaginal/vulvar cancer and cervical
dysplasia, the precursor of cervix cancer, which could explain SLE patients’ susceptibility to these
malignancies. An increased risk of hepatobiliary and thyroid cancers have also been shown in several
studies (95,97,98). On the contrary, SLE patients appear to have considerable decreased risk for
certain hormone-sensitive cancers, namely for breast, endometrial, ovarian cancer and melanoma
(96,99), which may be attributed to inherent differences between women with SLE and the general
population regarding endogenous oestrogen exposure, medication use (hydroxychloroquine), and
genetic factors (93,99).
Cognitive impairment is one of the most common manifestations of neuropsychiatric SLE with a
prevalence ranging from 5% to 80%, its variation owing to the lack of standardized definitions, valid
modes of assessment and the difficulties in attribution to SLE (5,100). The ACR nomenclature defines
cognitive dysfunction as "significant deficits in any or all of the following main cognitive functions:
memory (learning and recall), complex attention, simple attention, executive skills (planning,
organizing, and sequencing), visual-spatial processing, language (e.g. verbal, fluency),
reasoning/problem solving and psychomotor speed" (101). Previous studies have shown attention,
memory, and verbal fluency to be among the most severely affected domains in SLE patients (102).
Cognitive dysfunction has a considerable impact on quality of life, which can be devastating (100). It
has been associated with loss of functionality, reduced autonomy, loss of employment, increased
distress, stigma, and embarrassment (100,103,104), contributing significantly to the total burden of
the disease.
Regarding mental health, adult patients with SLE have a high prevalence for depression and anxiety
(105). A recent systematic review and meta-analysis estimated that 35% of SLE patients suffer from
depression and almost 26% from anxiety (106). Considering the high impact these two comorbidities
have on several aspects of the patients’ health and well-being, including increased risk for
cardiovascular events, suicidal ideation, decreased physical ability and quality of life and high risk for
premature mortality (105), early recognition of these conditions and prompt referral to mental health
experts are crucial parts of the care provided to SLE patients.
Poor quality of life
As an evolving disease with diverse manifestations unfolding over a period of months or years,
patients with SLE can experience a variety of symptoms such as fatigue, pain, and rashes affecting
many aspects of their everyday life (107). It is certain that during the last decades the survival rate for
SLE has improved dramatically, however, like many chronic diseases, there is currently no cure.
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Therefore, the profound effect of the prolonged disease course on the patients’ quality of life (QoL)
remains an important aspect of the disease’s burden.
Health related quality of life (HRQoL) is a term that encompasses all aspects of an individual’s
perceived physical and mental well-being (108). HRQoL of patients with SLE seems to be significantly
worse and affects all health domains at an earlier age as compared to patients with some other
common chronic diseases (109). Regarding physical status, patients with lupus tend to have similarly
impaired physical health to patients with Ankylosing Spondylitis and Rheumatoid Arthritis (110). Joint
pain is reported by the vast majority of patients and significantly influences everyday functioning,
including the ability to accomplish professional duties, household responsibilities, to perform physical
exercise and even self-care activities (intimate hygiene) (111). Hand problems, including reduced grip
force and activity-induced pain, are highly reported in SLE patients and interfere with their daily
activities (112). Among all symptoms affecting their daily living, fatigue, muscle pain/weakness and
joint pain/swelling have been reported the most bothersome for the patients in a recent study (80).
Although the profound effect of the disease on the patient’s physical capacity is not surprising, its
overall psychological impact should also not be neglected. The chronic nature of the disease and the
unpredictability of its course with exacerbations and remissions cause significant distress on patients
and their families (113), affecting their psychological and emotional states, vitality, general health and
social lives, in addition to physical function (114). Depression and anxiety are among the most
commonly reported symptoms, yet most patients do not use antidepressant or anxiolytics medication
(80).
Older age and the presence of neurological or psychiatric comorbidities, particularly depression or
anxiety have been shown to predict poor HRQoL in patients with SLE (114). Chronic fatigue, which
affects more than half of lupus patients, has also a significant adverse influence on both the physical
and the mental health aspects of HRQoL (114). Conversely, although clinical measures of disease
activity and irreversible organ damage accumulation are key determinants of patients’ overall QoL (5)
they are poor indicators of patients’ HRQoL (109,114).
Apart from those aspects affected by health, other determinants of QoL (non-HRQoL) e.g., income,
job security, living conditions and desires/goals in life are also affected in SLE (115,116). Patients
with lupus often struggle with work retention due to high disease activity, chronic fatigue and pain, but
also because of poor concentration and memory loss, which discourage them from continuing work
(111). Furthermore, half of SLE patients diagnosed before the age of 25, report that the disease had
a negative impact in their studies (80). The disease has negative influence also on leisure and
participation to household and family life (80,111).
HRQoL assessments are widely used to inform clinicians on the physical and mental status of their
patients and the overall impact of the disease in their everyday life (117). Furthermore, QoL
measurement allows better patient engagement in their treatment while facilitates a better
communication among the health professional team and the patient (118). It has been suggested that
the interaction between the patients and their physician can positively influence their QoL and by
including them in treatment decisions, a more favourable perception of current health and more
hopeful feelings about future can be achieved (77).
Therefore, in the evaluation of patients it is crucial to measure not only their disease activity and
damage but also take into account the significant impact of the disease on the physical, psychological
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and social aspects of patients’ health and QoL (118). The patients’ perspective should thus be
included in the outcome measures of SLE studies, as it reflects the burden of SLE on an individual
basis.
Mortality
Life expectancy has significantly improved in the past 20 years, with the average 10-year survival rate
exceeding 90%, as compared to the 50% 5-year survival rate reported in the 1950s (119). However,
life expectancy is still lower than in the general population (119–121), especially in low/mediumincome countries (122). Early studies on mortality in SLE indicated a bimodal pattern, with early
deaths primarily attributed to active lupus or infection and deaths occurring late in the course of the
disease due to cardiovascular disease (CVD), attributed mainly to long duration of steroid therapy
(123). While early damage and mortality, occurring during the first 1–2 years after diagnosis, is mostly
related to the disease itself (62), recent studies have shown that the majority of SLE patients die of
cardiovascular complications (121), while malignancy is now one of the leading causes of death for
people with SLE (62). Infections remain a major factor of high mortality in SLE (121). Atherosclerosis,
infections and malignancy, are usually associated with complications of long-standing disease and
treatment with immunosuppressive agents (62).
Male sex, high disease activity over time, severe disease requiring the use of immunosuppressants
and irreversible organ damage have been positively associated with mortality in SLE patients (124).
Specifically, patients with more severe disease at presentation have elevated risk for cardiovascular
events and all-cause mortality, compared with those who presented with milder disease (125).
Furthermore, a systematic review and meta-analysis confirmed the association of organ damage with
increased mortality across studies from various countries (74). Therefore, prompt recognition of
severe cases and initiation of therapy are important for modifying the disease course, reduce the
occurrence of irreversible damage and ultimately improve outcomes and mortality rates in SLE
patients.
Increased costs of illness
Costs of illness are generally divided into direct and indirect costs. Direct costs refer to all costs
associated with diagnosis and treatment of a given condition (126). They include both in-patient and
out-patient services, such as visits to the physician and other healthcare professionals, expenses
associated with the diagnosis, such as imaging and blood tests, medications, surgical procedures,
dialysis, emergency treatment, hospitalisations and rehabilitation (127). In SLE, direct costs are
positively related to the severity of disease (128), mainly due to the increased rates of flares and the
associated high rates of hospitalization resulting in patients with severe lupus (129). Furthermore,
renal impairment has been found to contribute most to the increased direct costs (1,130,131).
Indirect costs include expenses related to the patient’s inability to work (incurred from loss of
employment or diminished work productivity), as a result of the morbidity and mortality associated
with the disease (126). Also included in this category is the inability to carry out specific activities such
as housework and childrearing (127) and intangible costs, such as those associated with
psychological pain, depression and the loss of social opportunities (127,132). Almost half of patients
miss time from work every fortnight due to SLE and the vast majority report decreased work
productivity (79). In a similar way, the disease affects the social, financial and psychological status of
people caring for patients with SLE, which adds to the overall burden of SLE (79).
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Studies from the USA have found that SLE patients generally perform more visits to the physician,
drug prescriptions, inpatient admissions and hospital day-care than general population (133). Indeed,
the average annual per-patient, all-claims, all-cause direct cost has been found approximately 9 times
higher for patients with SLE, than the average annual cost for individuals without SLE in the USA
(126). Major organ involvement, especially lupus nephritis, contributes most to higher total and
medical costs for patients with SLE (81,134). Specifically, patients with lupus nephritis, have 2 to 5
times higher costs than SLE patients without renal involvement (127). Furthermore, important
expenses are attributed to comorbidities associated with SLE, mainly due to cardiovascular
complications, diabetes and depression (81,134). This suggests that not only prevention of organ
damage by effective treatment of serious SLE manifestations, but also prevention and early detection
of comorbidities related to the disease may reduce the high economic burden of SLE (81).
The above highlight the need for earlier and correct diagnosis of SLE, which would lead to early
treatment, before irreversible organ damage has occurred. Timely diagnosis would have a positive
impact on multiple long-term patient outcomes, including lower flare rates, reduced healthcare
utilization, improved quality of life and, importantly, extension of working life and work productivity
which would lead to amelioration of the social and financial status of both patients and carers and
minimize the total burden of SLE (135).

1.2

SLE classification criteria: description and pitfalls in their use for diagnosis.

Systemic lupus erythematosus (SLE) can present with a broad spectrum of manifestations from
different organs, which can be of variable specificity and severity. Due to its heterogeneity and
multisystemic nature, disease diagnosis can be challenging especially at the early stages and can be
delayed by several months or years (136,137), therefore resulting in prolonged patient uncertainty,
repeated referrals and increased utilization of healthcare facilities by the patients (135). As mentioned
above, delay in the diagnosis and initiation of appropriate treatment have been linked to adverse
disease outcomes such as increased flares and irreversible organ dysfunction (135,138,139). The
absence of specific diagnostic criteria and pathognomonic features or tests further complicates the
diagnosis of SLE. Instead, classification criteria have been developed, which are based on a
combination of clinical and laboratory / immunological findings.

1.2.1 The ACR-1997 and SLICC-2012 SLE classification criteria
The most commonly and widely used are those of the American College of Rheumatology (ACR1997) (140) (Appendix, Table 6.1). Despite their ease to use, the ACR-1997 criteria often miss
severe forms of the disease, such organ-dominant lupus (e.g., neurological, kidney), yet may classify
patients with pure mild mucocutaneous manifestations. In addition, they do not encompass several
manifestations from some organs / systems (e.g., nervous, hematopoietic), resulting in delayed
diagnosis (141). In 2012, the Systemic Lupus International Collaborating Clinics (SLICC) proposed
new classification criteria (142), which are advantageous in including more clinical (e.g., neurological)
and immunological (e.g., antiphospholipid antibodies, low C3 / C4) manifestations of the disease
(Appendix, Table 6.2). The SLICC criteria emphasised the importance of autoimmunity in SLE and
the presence of autoantibodies, by requiring at least one immunological criterion to be present in order
to classify a patient with SLE. Furthermore, it was first recognized the need to allow classification of
patients with single organ involvement, by introducing the renal “stand-alone” criterion for classifying
renal-dominant lupus (143). According to this criterion, a patient can be classified with lupus in case
of biopsy-proven lupus nephritis in the context of positive ANA or anti-dsDNA antibodies, even in the
absence of other clinical or immunological criteria. Studies comparing the two sets of classification
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criteria reported earlier classification of SLE by the SLICC-2012 compared to the ACR-1997 criteria
(144). Nevertheless, despite their higher sensitivity (92-97%) as compared to the ACR-1997 criteria,
the SLICC-2012 criteria were reported to lack specificity (145–147). Nevertheless, both sets of
classification criteria exhibit suboptimal performance in early disease as their sensitivity for SLE
classification increases with longer disease duration (148). These limitations have led to the recent
(2019) cooperation of EULAR/ ACR for the introduction of a new set of classification criteria (145,149).

1.2.2 The new EULAR/ACR-2019 classification criteria
The EULAR/ACR-2019 criteria require the existence of a positive ANA title as an entry criterion,
coupled with a list of variably-weighed clinical and immunological criteria for the calculation of the total
score that will classify or not the patient as SLE (Table 1.1). Furthermore, instead of devising
exclusion criteria, the expert panel first introduced the attribution rule. According to this rule, any item
included in the new criteria should be attributed to SLE only if no more likely explanation is present.
In these new classification criteria, the expert panel first raised the issue of interdependency of some
items, which led to the clustering of some criteria into domains (150). This issue had not been
previously addressed in any SLE classification criteria set. The resulting 23 criteria were organised
into seven clinical and three immunological domains where each item was attributed a different weight
according to their individual sensitivity and specificity. In the presence of more than one item clustered
in the same domain, only the highest-ranking item should be counted. Biopsy-proven lupus nephritis
with Class III or IV nephritis carries the highest score and in the presence of a positive ANA is enough
to classify a patient as SLE. Furthermore, the expert panel took great care in precisely defining each
item included in the new classification criteria based on the literature (Appendix, Table 6.3), in order
to avoid inconsistent application of the criteria, affecting their validity and reliability (150). In the new
classification criteria validation cohort, the EULAR/ACR-2019 criteria demonstrated improved
performance compared with the ACR-1997 and SLICC-2012 criteria, with a sensitivity of 96.1% and
a specificity of 93.4% (17). In all three classification criteria the symptoms and laboratory
abnormalities are cumulative and do not need to be present concurrently in order to be counted for
the total score.

1.2.3 Classification vs Diagnosis
Classification criteria were primarily developed to ensure the inclusion of homogenous disease
populations in clinical trials, with the intention to capture the majority of patients with key shared
features of the condition (56). They facilitate the interpretation of study findings and the comparison
between different trial results and have the potential to restrict the external validity of studies (151).
On the other hand, diagnostic criteria intent to accurately identify as many people with the condition
as possible, including those with unusual features or presentations, while excluding other conditions
which may mimic the disease. The approach used to develop either classification or diagnostic criteria
(for various diseases) is largely similar and variably includes one or more of the following steps:
nomination of possible criteria items by experts, comprehensive review of the literature, analysis of
medical charts, evaluation of existing diagnostic modalities, estimation of the sensitivity and specificity
of candidate criteria manifestations, generation of candidate criteria items and their ranking by a panel
of experts, who finally reach a consensus on the selected criteria items to be included, the criteria
weights and the inclusion or not of entry criteria (152). More comprehensive and analytically robust
approaches (e.g., utilizing 1000 minds decision-making or machine learning algorithms) have been
recently introduced (153), as in the case of the EULAR/ACR-2019 classification for SLE (17,154).
Depending on whether the criteria under development are intended to be used for disease
“classification” or “diagnosis”, the focus is: for the former, on classifying homogenous patient
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populations without necessarily capturing all possible (less frequent) manifestations; for the latter, on
capturing as much as possible of the entire universe of patients without however, a significant
compromise in specificity against compelling diagnoses (151). In SLE this is particularly challenging,
since they should embrace the heterogeneity of the disease by encompassing all the different
features, with the simultaneous exclusion of lupus many mimickers.
In light of the absence of diagnostic criteria for SLE, classification criteria are widely used in clinical
practice for diagnostic purposes (155), especially by clinicians with limited expertise of the disease.
Their use in clinical practice has significant limitations. First of all, many SLE patients present to their
physicians at an undifferentiated stage, when individuals may not fulfil criteria as the disease
manifestations evolve over time. Secondly, a number of patients may present with infrequent SLE
manifestations, not represented in the classification criteria, together with the absence of other
characteristic SLE features. Third, some patients might present with a single organ affected within the
spectrum of SLE (e.g., haematological) but with insufficient additional features to enable classification
of SLE (56,151). Thus, a number of SLE patients may be missed or result in diagnostic delays (156).
Importantly, patients with SLE missed by the classification criteria may exhibit high disease burden
(157). Therefore, the development of optimized diagnostic criteria remains an important and unfulfilled
goal.

1.2.4 ANA as an entry criterion for SLE classification
One major novelty the new EULAR/ACR-2019 criteria brought, was the requirement of ANA positivity
for the classification of a patient as SLE, thus excluding the possibility of ANA negative individuals to
classify as lupus. This has caused concern to experts around the globe, as such a positioning implies
that a negative ANA can confidently rule out SLE and that conventional ANA testing can reliably
determine SLE positivity (158).
In order to accept a specific laboratory test as an entry criterion, the sensitivity of the assay used for
this test is important, as inadequate methods may lead to missed diagnoses and/or unnecessary
additional costly tests and therapies. At present, Indirect Immunofluorescence (IIF) on human
epithelial cells (Hep-2) is considered the gold standard for ANA testing, while evidence on other ANA
test systems has showed relevantly lower sensitivity and specificity (159,160). Although simple, HEp2 IIF technique for evaluating ANA fluorescence pattern and ANA titre is nevertheless limited by a
relatively low standardization and automation levels, subjective evaluation, intra and inter-laboratory
variability and the requirement of skilled expert, leading to significantly greater number of false
negative results compared to traditional IIF methods (161,162). Rigon et al. evaluated the interobserver IIF reading variability among three different laboratories using digital IIF images and showed
a pairwise specific agreement on positive and negative samples of 84.0% and 81.2%, respectively. A
lower specific agreement, equal to 43.0%, was observed on the weak positive samples, which reflects
the routine laboratory difficulty in recognising weak positive sera (162). Nevertheless, it should be
borne in mind that this study involved pathologists with longstanding experience in the IIF reading
interpretation, which is not the typical laboratory scenario, as experience in Hep-2 assays varies
among laboratories.
Furthermore, a test should be used as an entry criterion for classification criteria only if the vast
majority of patients with a specific disease are positive for this test. Indeed, ANA testing has been
revealed much more sensitive than specific for SLE (163,164). A large systematic review involving
more than 13,000 SLE patients, showed that 95.9% were ANA positive at some point during the
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Table 1.1 The EULAR/ACR-2019 Classification Criteria for SLE
A patient is classified as having SLE if he/she scores ≥10 and the entry criterion is satisfied. Modified
from Aringer M, et al. Arthritis Rheumatol. 2019 Sep; 71(9): 1400–1412.
Entry criterion: ANA at titre of ≥ 1:80 on Hep-2 cells or an equivalent positive test (ever)
Additive criteria
Do not count a criterion if there is a more likely explanation than SLE.
Occurrence of a criterion on at least one occasion is sufficient.
SLE classification requires at least one clinical criterion and ≥ 10 points.
Criteria need not occur simultaneously.
Within each domain, only the highest weighted criterion is counted toward the total score.
Clinical domains and criteria

Weight

Constitutional domain
Fever

Immunologic Criteria

Weight

Antiphospholipid antibodies domain
2

aCL IgM/IgG >40 GPL units
or anti-β2GP1 IgM/IgG

2

or lupus anticoagulant positive
Cutaneous domain

Complement proteins domain

Alopecia or oral ulcers

2

Low C3 or low C4

3

SCLE or discoid lupus*

4

Low C3 and low C4

4

ACLE

6

Arthritis domain
Synovitis

Highly specific antibodies domain
6

Anti-dsDNA or anti-Smith antibody

6

Neurologic domain
Delirium

2

Psychosis

3

Seizure

5

Serositis domain
Pleural or pericardial effusion

5

Acute pericarditis

6

Hematologic domain
Leukopenia

3

Thrombocytopenia or

4

autoimmune hemolysis
Renal domain
Proteinuria >0.5g/24h

4

Class II or V LN

8

Class III or IV LN
10
ACLE, Acute Cutaneous Lupus Erythematosus; SCLE, Subacute Cutaneous Lupus Erythematosus; aCL,
antibodies to cardiolipin

course of the disease (164). At a titre of ≥1:80, the 95% confidence interval ranged from 96.8% to
98.5%, whereas a robust negative likelihood ratio of ANA below 1:80 in indirect immunofluorescence
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on HEp-2 cells was revealed. The early SLE cohort of this project found an even higher rate of 99.5%
ANA positive SLE patients, with only two patients ANA negative (Mosca et al, manuscript submitted).
In short, in clinical practice, a negative ANA test renders SLE diagnosis unlikely in the absence of
clinical suspicion, but should not rule out SLE, given that a small percentage of truly ANA negative
SLE exists. In terms of classification, the use of ANA as an entry criterion determines the relevant
patient population to whom the new criteria should be applied (164).

1.3

Artificial Intelligence in rheumatology

In recent years, the advances in Artificial Intelligence (AI) applications have enabled the development
of new possibilities in healthcare, resulting in improved health outcomes whilst reducing the costs,
time and effort. AI as a term has been used to describe the use of computers and technologies to
simulate intelligent behavior and critical thinking that mimic the cognitive functions of humans (165).
Examples of AI-driven applications are already being used across healthcare settings worldwide (166)
and mainly aim at assisting clinicians in the (i) accurate and early diagnosis of a condition, (ii) decisionmaking for the most effective and safe treatment, and (iii) outcome prediction of the disease (167).
Current applications of AI in Neurology, Oncology, Nephrology, Infectious diseases, etc. have been
applied in several settings (168–171) whilst AI is already playing a prominent role in medical imaging
(172). In addition, their ability to utilize large amounts of data through applications of Machine Learning
(ML), which is a branch of AI, has the potential to extract valuable information for diagnosis and
treatment decisions and significantly impact the course of diseases by learning underlying patterns
and relationships in large-scale data sets (173).
AI/ML implementation in rheumatology has the potential to facilitate an individualized diagnostic and
treatment approach, enabling optimal disease management and patient outcomes (174). So far,
AI/ML approaches have been investigated to identify patients with specific rheumatic disease
diagnosis, predict disease activity and progression and prediction of response to treatment, while less
effort has been directed towards disease diagnosis (175,176).

1.3.1 Disease detection, classification and diagnosis
Electronic health records (EHRs) play an important role in retrieving data of patients with chronic
diseases and can be used in studies of the natural history, treatment, and outcomes of complex
diseases in order to ultimately improve the quality of healthcare in these patients. However, the
identification of patients with a specific disease from large datasets is challenging, since there is vast
variation in the accuracy and completeness of the clinical information stored in EHRs (177), making
it a time consuming and costly task. Machine learning algorithms have been used to capture patients
with RA or SLE among large EHRs, without requiring extensive chart review of a large training set
(177,178).
Similarly, at a molecular level, genetic and transcriptomic biomarkers retrieved from large databases
of bioinformatics resource have been used for studying the pathogenesis of diseases and have led to
the creation of algorithms for disease detection and classification, identification of predictors of
progression of certain disease features and response to therapies (179). Such biomarkers identified
in sera and tissue samples of patients with arthritis are playing a central role in the study of rheumatic
diseases. Specifically, ML techniques applied to existing databases of gene expression profiles have
been used to identify the molecular mechanisms involved in synovial inflammation in Rheumatoid
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arthritis (180,181), while similar approaches have identified distinct biological pathways who may aid
the distinction between RA and osteoarthritis (182). These findings provide further insights into the
underlying pathogenesis of the two entities, which may facilitate the diagnosis and treatment of these
diseases. Analysis of gene expression in RA and other conditions, have also led to the generation of
simple classification models to differentiate between RA and healthy individuals as well as between
early RA and other arthritides (183).
Different pathological mechanisms and unique gene expression profiles identified from synovial and
muscle biopsies have been correlated with distinct clinical phenotypes of RA and myositis
respectively, with the use of ML algorithms trained on transcriptomics data from tissues (184,185).
Mass spectrometry and magnetic beads were used to screen for serum protein biomarkers from
patients with various autoimmune disease, including RA and SLE; a machine-learning diagnostic
model comprising four biomarkers was indicated to differentiate individuals with SLE from RA, SS,
SSc and healthy controls rapidly and precisely (186).
Application of AI solutions in medical imaging have shown impressive results in detection and
characterization of imaging abnormalities, especially in oncology (172,187). Although AI has also
been applied in rheumatology imaging for a long time, few methods have been validated and adopted
in clinical practice (188). Resting-state functional Magnetic resonance imaging (rs-fMRI) is a noninvasive functional neuroimaging modality based on the blood-oxygen-level-dependent signal. An
automated ML approach has been recently applied on individualized static functional connectivity
graphs of this advanced neuroimaging modality with the goal of defining objective connectomic
biomarkers related to NPSLE and discriminate NPSLE from healthy individuals (189). In the future,
AI solutions are expected to play a pivotal role in the detection and characterization of complex
diseases like SLE.

1.3.2 Prediction of disease course
A deep Learning model based on EHR database has been used for the prediction of disease activity
of patients with RA in their next appointment which suggests that the use of AI for forecasting complex
disease outcomes is possible (190). A similar approach achieved the retrieval of longitudinal EHR
data to predict rehospitalization in SLE patients (191). In patients with SLE, ML approaches have also
allowed the identification of factors associated with the development of erosive arthritis (192) and the
relation of gene expression profiles to SLE disease activity (193). Furthermore, application of AI tools
for the prediction of lupus nephritis outcomes has led to the creation of panels of multiple biomarkers,
including urinary biomarkers which could support the definition of response to therapy and guide
clinicians in therapeutic decisions (194). Finally, demographic and clinical data of patients with RA
have been utilized to identify potentially modifiable mortality risk factors in patients with RA which led
to the creation of a ML-based predictive model for mortality risk 2 years after diagnosis (195).

1.3.3 Prediction of Treatment response
A combination of data on patient demographics, baseline disease assessment, treatment, and singlenucleotide polymorphism (SNP) array created a model, to predict responses to Tumor Necrosis Factor
inhibitors (anti-TNFs) among RA patients and to identify non-responders, which is a promising tool for
future guidance on treatment selection (196). Similarly, a recently developed prediction model has
successfully prognosticated a 1-year response to certolizumab pegol among patients with RA using
clinical and laboratory data collected at baseline and at 12 weeks (197).
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AI will have a key role in the future of healthcare by revolutionizing the way of detecting, treating and
preventing diseases. Towards this direction, the adoption of AI and ML technologies in rheumatology
is very promising regarding the understanding and management of rheumatic diseases and is
expected to pave the pathway to fitted personalized care. To this end, EULAR reported a framework
and recommendations on the collection, analysis, and use of big data in rheumatology in 2020 (198).
Nevertheless, the adoption of AI in Rheumatology is at an initial stage and currently no AI/ML tool is
being used in typical clinical rheumatology practice. Several challenges should be addressed to
enable AI/ML integration into existing workflow, including issues related to patient’s safety, clinical
relevance, privacy, confidentiality, identity, real-world validation and transparency.
During this dissertation, we applied two ML models, Logistic Regression (LR) in combination with
least absolute shrinkage and selection operator (LASSO) Feature Selection and Random Forest, in
a number of clinical features from the three sets of classification criteria and not, to create a simplified
evaluation system for the prediction of SLE diagnosis. Pending verification in multi-national and
prospective studies, this new ML algorithm could aid the early detection of lupus patients.

1.4

Aims and thesis outline

SLE diagnosis remains challenging due to the disease’s clinical heterogeneity, which is further
complicated by the absence of specific diagnostic criteria. As already mentioned, classification
criteria, with the more recent introduction of the EULAR/ACR-2019 criteria, are widely used in clinical
practice as diagnostic, with significant limitations. To date there is limited data concerning the
diagnostic accuracy of the new EULAR/ACR-2019 criteria as compared to the former SLICC-2012
and ACR-1997 criteria and it is not known whether they allow earlier and more accurate classification
/ diagnosis of SLE.
During this thesis, we first compared the diagnostic accuracies of the three sets of classification
criteria by applying them both to a dataset of well-characterized SLE patients and controls and then
to a group of patients with undifferentiated disease who were followed prospectively.
Next, we aimed to identify which criteria and non-criteria manifestations are significantly associated
with SLE in clinical practice with an attempt to develop a predictive model for the diagnosis of SLE.
We applied ML techniques in large, well-characterized patient datasets, which additionally included
SLE patients with more recent diagnosis (after 2016), to develop and validate a novel predictive model
for SLE. The performance of the best predictive model was further evaluated in two external validation
datasets and was compared to the three classification criteria sets, i.e., ACR-1997, SLICC-2012 and
EULAR / ACR-2019.
The primary endpoint of this study was the comparative analysis of the sensitivity and specificity of
existing sets of SLE classification criteria (ACR-1997, SLICC-2012, EULAR / ACR-2019) against
physician-based diagnosis, which was considered the gold standard for SLE diagnosis in this thesis.
Secondary endpoints were:
 to determine which of the classification criteria allow for the earlier classification/diagnosis of
SLE patients,
 to test whether specific additions (e.g., Raynaud’s), amendments or combinations in the
existing classification criteria can enhance their sensitivity in diagnosing SLE,
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to examine the outcome of SLE patients who are classified exclusively by either of the
classification criteria with regards to organ damage accrual and disease severity,
to assess the ability of classification criteria to forecast which individuals without clinically
significant autoimmunity (pre-clinical cases) will transition to SLE, during the prospective
phase of this study,
to develop and validate a novel predictive model for SLE by applying Machine Learning
techniques in large, well-characterized patient datasets.
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2.

Methodology

2.1

Study setting

Two national tertiary referral centres for patients with SLE, the Rheumatology department of the
University Hospital of Heraklion (community-based centre at Heraklion, Crete) and the Rheumatology
Clinic of the “Attikon” University Hospital (tertiary centre in Athens, Attica) in Greece participated in
this study.
The Department of Rheumatology at University Hospital of Heraklion, serves as the single referral
centre on the island of Crete (population of 6*105 people) for patients with autoimmune rheumatic
diseases. The Rheumatology department connects to a cooperative network of private
rheumatologists and general physicians working in rural health centers and provides inpatient and
outpatient services from primary to tertiary level. The lupus registry has been developed progressively
since 2012 (24) and contains demographic and clinical data from medical records of patients, entering
a secure, specially configured electronic database that is installed in the Rheumatology Department
on the protected server and network of the University Hospital. Similarly, patients with other
rheumatologic diseases are registered in the same electronic database with a unique database
identification number. The operation and maintenance of the database is strictly supervised by the
scientifically accountable protocol and access is granted only to authorized users / researchers. All
principles of anonymity, confidentiality and non-traceability of data are adhered to.
The rheumatology clinic of ''Attikon'' University Hospital was established in 2014, under the 4th
department of Internal Medicine of the University of Athens (UoA), which is currently recognized as a
referral and reference care centre for patients with lupus (16). ''Attikon'' Hospital is located in a large
urban area in western Attica and covers a population of approximately 1.7M citizens. From September
2015 onwards, an electronic database of the SLE registry was installed in the rheumatology clinic
where all selected data are securely stored and accessible only by rheumatologists of the department.
Both centers use homogenized, structured forms for collecting detailed data on demographics, clinical
characteristics (including classification criteria), use of treatments and disease outcomes (24).

2.2

Participants and case definitions

The present study is a non-invasive observational study, with a retrospective and a prospective
arm.

2.2.1 SLE cases
For the first group of SLE patients, which were used in the retrospective part of this study,
consecutive cases from both registries diagnosed as SLE according to the judgement of
rheumatologists with at least 5 years clinical practice, during the years 1/2005-12/2016 were identified
and the necessary data and variables were recorded. We selected 2005 as the earliest possible year
of diagnosis in order to ensure data completeness and reduce possible information/classification bias.
For a patient to be eligible for inclusion in the study, sufficient identification data should have been
available, i.e., name, surname and at least two of three identifiers (date of birth, father’s first name
and Social Security Number). To confirm the diagnosis, a follow-up of at least six months after
diagnosis of SLE was required and a known ANA status. Since data collection started after the first
oral announcement of the new EULAR/ACR classification criteria in June 2017 at the EULAR
congress (199) and included patients had a follow-up of at least six months, participants had to be
diagnosed with SLE until 12/2016, the latest. Exclusion criteria for this group of SLE patients included:
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diagnosis before the age of 15, diagnosis before 2005 or after 12/2016, Cutaneous Lupus
Erythematosus (CLE), drug-induced lupus, follow-up < 6 months after diagnosis of SLE and
incomplete/insufficient data from medical charts.

2.2.2 Control cases
A number of patients aged ≥ 15 years with other rheumatological diagnosis were grouped as controls.
They were randomly selected from the existing electronic databases of patients with rheumatic
disease that are followed in the two participating centres. Randomization was based on the unique
database identification number of each registered patient and was restricted to patients diagnosed
with a variety of lupus-mimicking rheumatologic diseases, namely rheumatoid arthritis (RA),
undifferentiated connective tissue disease (UCTD), Sjogren’s syndrome, systemic sclerosis, psoriatic
arthritis, systemic vasculitis, Behçet’s disease, myositis, Familial Mediterranean Fever (FMF), adultonset Still’s disease (AOSD), Primary APS (PAPS), CLE and fibromyalgia. Selection of these
diseases is in agreement with the type of disease controls included in the derivation and validation
cohorts of the EULAR/ACR-2019 (17,200), SLICC-2012 (163) criteria projects, as well as in other
studies validating the SLE classification criteria (201). Inclusion of Behçet’s disease and FMF was
further driven by the regional epidemiology of these inflammatory rheumatic diseases. The relative
frequencies of various control diseases approximate those reported in the above-mentioned studies.
Sufficient patient identification and clinical data, age of diagnosis ≥15 years, a follow-up of at least six
months after disease diagnosis and a known ANA status were required for inclusion of control cases.
Patients with incomplete/insufficient data and damaged medical charts were excluded. The same data
was retrieved and documented from the medical charts as from SLE cases, as described below.

2.2.3 Preclinical cases
Individuals aged ≥15 years not fulfilling any criteria for SLE nor for other systemic rheumatologic
diseases presenting a few, not clinically significant manifestations, were recruited to constitute a
preclinical cohort. This group comprised of cases with positive autoantibodies (any of anti-nuclear
antibodies [ANAs], extractable nuclear antigen antibodies [ENAs], anti-dsDNA, anti-phospholipid
antibodies) and/or low serum complement C3/C4, or first-degree relatives (FDRs) of patients with
SLE with mild, non-diagnostic manifestations, not fulfilling the classification criteria. Participants were
further divided into 4 groups: Group A included individuals with ANA titre ≥ 1:640 by IIF, plus ≥ 1
additional feature (serological or clinical); Group B included ANA 1:80- 1:320 by IIF plus ≥ 2 additional
features (serological or clinical); Group C included ANA-negative with at least 1 serological and 2
clinical features. Finally, participants with first-degree relative (sibling, parent, offspring) with definitive
SLE plus ≥ 2 additional features (ANA and/or other serological and/or clinical), belonged in Group D.
Participants included in this cohort are followed-up prospectively at the outpatient clinic of the
Rheumatology Department of Heraklion with one visit at baseline, then at least once a year. These
groups of patients are known to diagnose with SLE at a frequency of 20-40% after 2-5 years (57,202)
Individuals with drug-induced autoimmunity and CLE were excluded, while patients with organ-limited
autoimmune disease (Hashimoto thyroiditis, multiple myeloma, celiac disease, etc.), could be
included in the study.
In order to discover possible risk factors for SLE, apart from demographic (ethnicity, gender, age) and
clinical information, data on family history, infections and other medical history, lifestyle exposures,
and use of medications are monitored at first visit and then at least annually. Lifestyle exposures,
namely tobacco and alcohol use, physical activity, and adherence to Mediterranean diet, are
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assessed by brief, standardized self-reported questionnaires. Furthermore, blood sampling is
collected upon enrolment after signed consent from participants, which is stored into PaxGene Blood
RNA (Qiagen) tubes and EDTA tubes (for DNA extraction), as well as serum samples (all samples
stored at –70 °C). To evaluate longitudinal changes in transcriptome (ancillary study), a second blood
sample is requested from those individuals who developed SLE, at the time of diagnosis and matched
controls who did not.
Participants are examined for development of SLE or other diseases at each visit and the diagnostic
accuracy of the three classification criteria for those patients who develop SLE is compared
accordingly. The prognostic accuracy of the SLERPI algorithm, which was developed by machine
learning techniques during this dissertation, is also examined. Following the prospective part of the
study’s completion, clinical and lifestyle data will be combined with blood transcriptome to define a
high-risk subgroup of individuals for progression into SLE.

2.2.4 Discovery and validation cohorts for the development of a new diagnostic model
For the development of a risk probability algorithm for SLE using machine-learning techniques, we
included consecutively registered cases diagnosed during the period 01/2005-06/2019 with SLE or
other diseases by consultant rheumatologists with at least 5 years clinical practice. Additional
inclusion criteria were: sufficient patient identification and clinical data, age of diagnosis ≥15 years,
known status of ANA and serum complements C3/C4, and follow-up at least 6 months to confirm the
diagnosis (SLE or other). Disease controls were randomly selected from the electronic patient
databases of the two participating centres. A randomly-selected sample of 401 SLE patients and 401
disease controls (discovery cohort) with 1:1 ratio was used to construct, train and compare the
machine learning models. The balanced (1:1) ratio of SLE cases and controls was chosen in order to
minimise any predictive modelling biases. An independent sample of 512 SLE patients and 143
disease controls (validation cohort) was then used to provide an unbiased estimate of the diagnostic
accuracy of the best model selected from the discovery cohort. Part of these datasets is the same
used to evaluate the SLE classification criteria in the first part of this thesis. Patients were excluded if
diagnosis was made before the age of 15 or before 2005 and if follow-up was <6 months after
diagnosis. Patients with diagnosis of CLE or drug-induced lupus and patients with
incomplete/insufficient data from medical charts were also excluded.

2.2.5 Definition of disease subsets
Participants with “incomplete lupus” (ILE) were considered those patients with typical
manifestations of SLE and clinical diagnosis of SLE according to an experienced rheumatologist, who
did not fulfil one or more of the existing classification criteria (203,204). Since our goal in this
dissertation was a) to compare the sensitivity and specificity of classification criteria against physicianbased diagnosis and, b) to develop a statistical model to aid the diagnosis of SLE irrespective of
whether classification criteria are fulfilled, those cases were not treated as “controls” but rather, they
were considered eligible for inclusion in the SLE cohorts.
A fraction of the disease controls had a clinical diagnosis of “undifferentiated connective tissue”
(UCTD). These patients had features suggestive of a (mild) autoimmune connective tissue disease
(e.g., Raynaud’s, rashes, synovitis, cytopenia), which however, were not considered sufficient by the
Rheumatologist to call a more specific diagnosis (205). Accordingly, they were eligible for inclusion in
the “disease control” cohorts of this dissertation.
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SLE patients with disease duration of less than 36 months since diagnosis were defined as “Early
SLE” cases. This group included patients with diagnosis between 1/2005 and 1/2020, who were
followed-up for at least 6 months and had last visit 36 months since diagnosis or earlier. Exclusion
criteria were the same as for all SLE cases. From this patient group, those with diagnosis between
1/2005-12/2016 were used in the sub-analysis of the sensitivity of the three SLE classification criteria
in early disease and time-to-classification analysis (time elapsing between the date of first appearance
of the earliest criteria [belonging to any of the three sets] until the earliest date of fulfilment of each
set of criteria). More patients with early SLE and diagnosis until 1/2020 participated in the analysis of
the diagnostic accuracy of the new prognostic model for SLE which was created with machine learning
logarithms during this thesis.
Lupus nephritis (LN) cases were determined according to kidney histological findings suggestive of
lupus in a patient with compatible clinical and/or serological findings. Patients with LN were further
categorized according to the histopathologic definitions of the International Society of
Nephrology/Renal Pathology Society (ISN/RPS) 2003 classification of lupus nephritis into Class I,
Class II, Class III, Class IV, Class V and Class VI lupus nephritis (206).
Neuropsychiatric lupus was diagnosed through multidisciplinary approach, which included
assessment by rheumatologists, neurologists, neuropsychologists and radiologists with expertise on
neuroimaging as previously described (207–209). Neuropsychiatric SLE (NPSLE) diagnosis and
attribution was further ascertained after several diagnostic procedures, prospective follow-up of
patients and by the use of the Italian Study Group on NPSLE attribution model as previously described
(21,210). Specifically, the Italian Study group on NPSLE created an attribution algorithm leading to a
probability score for a specific manifestation to be attributed to SLE. This model takes into account
four parameters for the attribution or not of a specific feature to SLE, i.e., the time of presentation of
the neurologic event as related to the time of SLE diagnosis, the type of event, the presence of
confounding factors and also the presence or not of “favouring” factors for attributing an event to SLE
(based on a systematic literature review and expert opinion).

2.3 Data collection
2.3.1 Variables and dataset
For the collection and management of data, the Research Electronic Data Capture (REDCap) online
platform was used (211). The REDCap is a secure, web-based, electronic application developed to
collect data for research purposes and allows data sharing in a secure manner across academic
departments/ institutions.
From each SLE patient the following data were extracted from the medical charts by experienced
physicians: demographics (gender, ethnicity, date of birth), date of SLE diagnosis (according to the
physician), presence (yes/no) and date of earliest reported occurrence of each of the classification
criteria items, presence (yes/no) and date of earliest reported occurrence of additional items (including
Raynaud’s, lymphadenopathy, sicca, SSA/SSB, etc.), date of last follow-up visit/assessment,
presence (and corresponding date) of each individual item of the SLICC/ACR damage index (SDI)
(212) and severity of SLE. The date of appearance of each manifestation was considered either the
date of the visit that this was first documented (for example the date of first documentation of arthritis
in the patient’s chart), or when a proved documentation of the specific criterion was available (for
example, the date of hospitalization for pericarditis, which was consecutively attributed to SLE). In
order to determine the severity of SLE disease, physician’s global assessment of SLE severity
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together with the use of immunosuppressive/biologic treatments and the British Isles Lupus
Assessment Group (BILAG) nomenclature were taken into account (see Appendix, Table 6.3).
Similarly, from each control patient, demographics, rheumatological disease and date of physician
diagnosis, presence and date of earliest reported occurrence of the criteria from all three SLE
classification criteria sets and date of last follow-up visit/assessment were extracted from the medical
charts. A few patients with no documentation of immunological tests were considered negative for
these items. Patients with unknown ANA and those with no documentation of basic tests were
excluded (Figure 3.1).
This data was recorded on RedCap in 6 fields for each SLE patient and included:
1. Demographics (patient number, gender, nationality, date of birth, date of SLE diagnosis and date
of last visit).
2. ACR-1997 criteria (11 items and date of appearance of each individual item).
3. SLICC-2012 criteria (18 items and date of appearance of each individual element).
4. New criteria and elements that do not fit into a set of criteria:
a. EULAR/ACR-2019 criteria (20 items and date of appearance of each individual element)
and
b. Non-included criteria (24 items and date of each individual item).
5. Severity index (22 items and year of each component).
6. SLICC damage index (42 items and year of appearance).
A similar instrument was used with the RedCap platform for the control group, that included only the
first 4 fields. The rheumatologic diagnosis and the date of this diagnosis were included in the first
field.
For the prospective data collection of the preclinical cohort, similar information was collected for each
participating individual. Specifically, the following 10 fields were filled in at baseline:
1. Enrollment group:
Group A. High-titre ANA (≥ 1:640 by IIF) PLUS ≥ 1 additional feature (serological or clinical)
Group B. Low-titre ANA (≥1:80 by IIF) PLUS ≥ 2 additional features (serological or clinical)
Group C. ANA-negative PLUS ≥ 1 serological AND ≥ 2 clinical features
Group D. First-degree relative (sibling, parent, offspring) of a patient with definitive SLE PLUS ≥ 2
additional features (ANA and/or other serological and/or clinical).
2. Demographics (patient number, gender, nationality, date of birth, date of SLE diagnosis and date
of last visit, education, weight and height), First degree relative with SLE or other autoimmune
disease, personal history of chronic disease (allergic asthma, cardiovascular disease, dyslipidemia,
etc.), personal history of autoimmune disease (autoimmune hepatitis, celiac disease, Crohn’s
disease, etc.), obstetric history, history of thrombotic events.
3. Environmental exposures (tobacco use, alcohol consumption, physical activity, Mediterranean diet
score, sunlight exposure).
4. Serological parameters (all the serologic items present in SLE classification criteria plus RF, ACPA,
anti-TPO and anti-TG).
5. Use of medication (Hydroxychloroquine, glucocorticosteroids, NSAIDs, antiplatelets,
anticoagulants, vitamin D supplements, hormone supplements, other).
6. ACR criteria (11 items and date of appearance of each individual item).
7. SLICC criteria (18 items and date of appearance of each individual element).
8. New criteria and elements that do not fit into a set of criteria:
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a. EULAR/ACR 2019 criteria (20 items and date of appearance of each individual element)
and
b. Non-included criteria (24 items and date of each individual item)
9. Neuropsychiatric features.
10. Biosampling (PaxGene RNA tube, EDTA tubes, Serum samples).
During every follow-up visit, the following 10 fields were filled in:
1. Date of follow-up visit.
2. Major events and environmental exposures (Tobacco use, pregnancy, menopause, infections,
hospitalizations, new comorbidity, thrombosis, vaccination).
3. Serological parameters follow-up
4. Biosampling follow-up.
5. ACR criteria follow-up.
6. SLICC criteria follow-up.
7. New criteria and elements that do not fit into a set of criteria follow-up.
8. Neuropsychiatric features.
9. Use of medication follow-up.
10. Overall assessment:
a. Is this case SLE?
b. Has this case another diagnosis?

2.3.2 Criteria attribution and assessment of SLE severity
Attribution of the criteria items to SLE or not was arbitrated by rheumatologists with special interest
and experience in the disease, and followed the EULAR/ACR attribution process (17). In brief, if a
more likely alternative explanation other than SLE was true for a specific manifestation, then this item
was not counted in the EULAR/ACR-2019 classification criteria. For example, if a patient had a history
of Behçet disease and presented with oral ulcers and positive ANA antibodies, the sub-item “oral
ulcers” in the cutaneous domain of the EULAR/ACR-2019 criteria was not scored, because it was
best attributed to Behçet disease. On the other hand, the ANA positivity was scored, as it is more
specific for SLE. Similarly, fever was not counted if the patient had concomitant infection. These
patients could still have SLE in addition, but this would be classified based on additional items not
easily explained by the second disease.
We used both criteria items in their original version and after deconvolution into sub-items (e.g.,
“maculopapular lupus rash” sub-item from the EULAR/ACR-2019 “acute cutaneous lupus” criterion).
In addition, we monitored for the presence of a predefined list of clinical and serological features not
included in the criteria (e.g., Raynaud’s phenomenon, anti-RNP antibodies) (Appendix, Table 6.5).
Missing data were eliminated through vigorous charts review and quality control, and a few patients
with no documentation of immunological tests were considered negative for these items.
For each patient SLE disease was characterized as mild, moderate or severe, based on the British
Isles Lupus Assessment Group (BILAG) glossary and classification system (213), the use of
immunosuppressants/biological treatments and physician’s global assessment (11,214). The BILAG
system captures both individual organ and global disease activity based on the severity of the
underlying manifestation(s) and physician’s intention-to-treat. Due to its detailed and lengthy
structure, the completion of which is a time-consuming process, the BILAG instrument is not
performed as part of routine clinical practice in neither of the two participating centres. In the context
of this work, we took advantage of the structured, detailed medical records that exist in both centres,
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which were retrospectively scrutinized to detect incident activity (experienced at any timepoint during
the disease course) from the individual organs/domains according to the BILAG nomenclature. Active
manifestations classified as “BILAG A” were assigned as severe (examples: lupus rash and/or skin
vasculitis involving >18% of body surface area; severe pleural effusion with hypoxemia;
thrombocytopenia with <20,000 platelets/μl), manifestations classified as “BILAG B” were assigned
as moderate (examples: lupus rash and/or skin vasculitis involving 9-18% of body surface area;
moderate pleural effusion without hypoxemia; thrombocytopenia with 20,000-50,000 platelets/μl).
Mild disease included less severe manifestations (examples: polyarthritis not restricting mobility and
not affecting large joints; hair loss without excessive alopecia and without scalp skin inflammation;
thrombocytopenia >50,000/μL). As expected, patients could have suffered active manifestations of
varying severity from more than one organs/ domain. In addition, use of immunosuppressive and/or
biologic therapies due to active lupus was recorded from all patients. All aforementioned data were
recorded in a structured sheet (214) and were collectively evaluated by experienced Rheumatologists
who provided their overall assessment of disease severity (i.e., mild, moderate or severe, physician
global assessment of SLE severity).
More specifically, severe lupus was defined as a patient with SLE and severe disease according to
the physician global assessment and/or at least one BILAG A manifestation during the course of
disease who required or not cytotoxic treatment (cyclophosphamide, mycophenolate mofetil [MMF])
and/or biologic treatment (Rituximab) (high intensity therapy) for disease control. Moderate lupus
defined an SLE patient with moderate disease according to the physician global assessment and/or
at least one BILAG B manifestation who may have required the use of immunosuppressive treatment,
like Azathioprine (AZA) or MMF, calcineurin inhibitors or biologic treatment (Belimumab) (moderate
intensity therapy). A patient with none of the above was characterized as mild lupus. Presence and
corresponding date of each item of the SLICC/ACR damage index (SDI) was also monitored
(Appendix, Table 6.3).

2.4 Statistical Methods
2.4.1 Comparison of the three SLE classification criteria
For each set of criteria (ACR-1997, SLICC-2012, EULAR /ACR-2019), sensitivity was assessed using
physician-based diagnosis as gold standard, both at the time of diagnosis (extended by 3 months to
allow completion of diagnostic work-up) and at last visit/assessment (overall sensitivity) of each
patient and reported including 95% confidence intervals. Cases with unverified date of appearance of
any manifestation were included only in the overall sensitivity analysis. Patients for whom there was
no documentation of the presence of specific laboratory tests (for example, specific autoantibodies or
complement status) were considered negative for these items. The criteria were compared according
to the date in which they classified the same patient with SLE. Specificity of the criteria was assessed
against patients with other rheumatological diagnoses (control group) with 95% confidence intervals.
We produced a likelihood ratios graph of the three sets of criteria. In a separate analysis, we
calculated the earliest date of fulfilment of each set of criteria and the time elapsed since the date of
the earliest criterion. Hazard analysis was used to determine the median (95% confidence interval
[95% CI]) time-to-classification for each set of criteria. Between-groups comparisons were performed
by the McNemar’s test or linear mixed model analysis for partially-paired samples. All analyses were
performed using SPSS v24.0.
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2.4.2 Comparison of modified versions of the classification criteria
In order to enhance the diagnostic accuracy of classification criteria, we created modified versions of
the SLICC 2012 (modSLICC-2012) and EULAR/ACR 2019 classification criteria (modEULAR/ACR2019), based on the characteristics of the 1091 patients (both SLE and controls) of the cohort used
to compare the original versions of the three criteria sets. A random 80% (derivation) set of our total
sample (SLE and controls) was extracted to identify subgroups of patients who failed classification
and assess the frequency of individual items over the entire observation period (Figure 2.1, A and
B). Patients that failed to classify by the EULAR/ACR criteria were primarily cases with negative ANA,
but either hypocomplementemia and/or positive anti-phospholipid antibodies, and cases with positive
ANA who scored 8 or 9, thus falling short of the classification threshold. In the case of the SLICC
criteria, patients who did not classify included those with single immunologic criterion and two clinical
criteria from different organs/domains, and cases with no immunologic criteria but ≥4 clinical criteria
from ≥2 different organs/domains. Since most of the patients in these two groups had ACR defined
photosensitivity, this was included as additional clinical criterion to preserve the sensitivity/specificity
ratio. The aforementioned subcategories of patients were included in the modified algorithms that
were then tested in the remaining 20% of the sample running 100 iterations to account for patient
heterogeneity. The median sensitivity and specificity were calculated using the same statistical
methods that were used for the calculation of the sensitivity and specificity of the original versions.
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Figure 2.1 Graphical analysis of SLE patients (80% randomly selected derivation sample) who were
classified or not by the EULAR/ACR (A) and the SLICC (B) criteria over the entire observation period

2.4.3 Development of a diagnostic tool for SLE using machine learning algorithms
Computational methods for feature selection, model construction and evaluation
We followed two approaches for developing a predictive model for SLE using the discovery cohort.
First, we combined each one of the three classification criteria (ACR-1997, SLICC-2012,
EULAR/ACR-2019) with additional, non-redundant features from the other two criteria sets and with
non-criteria features; second, we developed a de novo model based on clinical variables selected
from the three classification criteria (in their original form or deconvoluted into sub-items) and noncriteria features.
Univariable LR was carried out in the discovery cohort to determine the individual association of each
feature with SLE diagnosis. Correlation analysis was performed to identify collinearity between
features/predictors and assist clinicians in the construction of feature panels. Clinicians created 20
different panels of features with the aim to reduce information redundancy and also, introduce
alternative feature versions in different panels (based on criteria deconvolution into sub-items). These
20 panels were submitted into two ML algorithms, thus yielding a total 40 multivariable models (Figure
2.2) in the model construction phase. The first algorithm, Random Forests (RF), is a complex, modelfree learning method with fewer assumptions and an embedded feature selection process to further
address redundant information, capable of generating highly accurate -yet less explainable due to its
non-linear nature- predictions. The second, Logistic Regression (LR), is a standard, less complex
method of analysing biomedical datasets with high interpretability, which however, lacks a feature
selection process. Therefore, for each panel, a separate feature selection process was carried out
prior to LR model construction, using Least Absolute Shrinkage and Selection Operator (LASSO)
Logistic Regression method. A notable difference between these two methods is that if several highly
correlated variables are predictive, LASSO may select one or a few while RF may use all of them
(selected in different trees as part of the ensemble algorithm’s majority voting process).
LASSO hyper-parameter λ (lambda) was optimized in the discovery cohort (from 100 sequential
parameter values of equal intervals ranging from λ=0, which includes all features, to the lowest λ value
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that excludes all features from the model). As optimal λ was selected the value that yielded the
minimum deviance plus one standard deviation in a 10-fold cross-validation (CV) process and was
also higher to the λ value of minimum deviance (this is a slightly stricter feature selection approach
than the standard approach of selecting the λ of minimum deviance since it includes higher λ penalty
and thus lower number of selected features). Features with non-zero beta coefficients in the LASSO
logistic regression of the optimal λ value were subsequently included in a LR model. RF algorithm
was implemented with hyper-parameter number of trees value=50. For other parameters of the
algorithms, the default values or settings were used.
We performed a 10-fold stratified cross-validation (CV 10-fold) process (division of the dataset into
10 folds of near-equal size without re-substitution) to construct and compare the 40 multivariable
models (20 RF, 20 LR) in terms of their predictive capability. Each fold (10%) was used as a test
dataset to determine the model performance, while the remaining nine folds (90%) were used as the
training dataset for the model construction. In the test dataset, we evaluated the following diagnostic
metrics: sensitivity, specificity, accuracy and Area Under the Receiver-Operating-Characteristic Curve
(AUC). These metrics were averaged from the 10 CV test datasets for each model. The model with
the highest accuracy was selected as the best model. The best model was further evaluated in an
independent validation cohort of 512 SLE patients and 143 disease controls by calculating the AUC,
sensitivity, specificity, accuracy, positive and negative likelihood ratios, thus obtaining an unbiased
estimate of its diagnostic performance.
Feature ranking
The features included in the best diagnostic model were ranked based on their importance in the
predictive functionality of the model. The drop-column methodology was used (10-fold CV process in
the discovery cohort), which evaluates the importance of each predictor (feature) by excluding it from
the model construction process and estimating the change in the model accuracy.
Statistical analysis
The model accuracy derived from the validation cohort was corrected based on an expected ratio
3:17 of SLE patients: controls (mimicking rheumatological diseases) receiving diagnosis at a general
rheumatology outpatient clinic according to the following formula:
(

) (

)

Continuous variables are expressed as mean (95% confidence interval) or median (interquartile
range) values, and categorical variables as absolute values and percentages. The Kruskal-Wallis
(non-parametric) analysis of variance was used to compare means across multiple groups, and the
chi-squared or McNemar’s test (for related samples) to compare proportions. To convert the LASSOLR model into a simpler score system, regression coefficients were divided by the smallest coefficient
followed by rounding to the nearest 0.5 value. Statistical analyses were performed using R software
version 3.5.1 (R Foundation for Statistical Computing, Vienna, Austria) and SPSS version 25.0 (IBM
Corporation, Armonk, NY). Feature selection, model construction and feature ranking, model
evaluation and validation processes were developed in MATLAB 9.2.

2.4.4 Prospective study
This part of the study is ongoing. Since the number of cases recruited and the observation period is
still low, statistical analysis was limited to descriptive statistics for continuous variables, and mean
values/standard deviation (SD) or median/interquartile range (IQR) were calculated for normally and
non-normally distributed variables, respectively. For each set of criteria (ACR-1997, SLICC-2012,
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EULAR /ACR-2019) and the SLERPI algorithm, a preliminary analysis of sensitivity was assessed
according to those preclinical cases who have already transitioned to SLE, using physician-based
diagnosis as gold standard. Specificity was calculated based on those preclinical cases who have
already transitioned to other, alternative than SLE diagnoses.
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Figure 2.2 Schematic overview of the methodology for developing a machine learning-based diagnostic
model for SLE
AUC, area under the curve; CV, cross-validation; ROC, receiver operating curve
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3.

Results

3.1

Performance of ACR-1997, SLICC-2012 and EULAR/ACR-2019 criteria

3.1.1 Patients and prevalence of SLE characteristics
Patients with SLE consecutively diagnosed during the period 1/2005-12/2016 were included in the
retrospective comparative analysis of the performance of the three sets of classification criteria. From
a total of 1218 patients who were identified in the SLE registries of the two participating centres, 690
(99,3% Caucasians, 92.2% females, mean age 42 years, mean follow-up 48 months) were included
in this part of the study (Table 3.1). Totally, 530 patients were excluded because they were followedup for less than 6 months (162 patients), had diagnosis of UCTD or incomplete lupus according to an
expert rheumatologist at last follow-up (71 patients), had other diagnosis than SLE (31 participants),
were diagnosed with SLE before the age of 15 (30 patients), were diagnosed before 2005 (83
patients) or after 12/2016 (70 patients), had insufficient data (71 patients) and had illegible or
damaged medical charts (10 patients) (flow diagram, Figure 3.1).

Figure 3.1 Flow diagram of SLE patient selection with diagnosis during 1/2005-12/2016 from the two
participating centres

The frequencies of all manifestations included in the three classification criteria sets in our study group
are listed in (Table 3.2). The most prevalent clinical manifestations encountered were mucocutaneous
(n=624, 90.43%) and arthritis (n=615, 89.1%), 93.62% were ANA positive, while only 3.91% of SLE
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patients were negative for any of the immunological criteria. Fever, which is included as a separate
item in the new EULAR/ACR 2019 criteria, was present in 81 (11.73%) patients. Fifty-four (7.8%)
patients had biopsy proven lupus nephritis, while NPSLE affected 6.52% of patients in this cohort,
with cranial neuropathy and cerebrovascular disease (CVD) being the most frequent manifestations
(N=11, 1.88%). The latter is not included in any of the three criteria set. Likewise, movement disorder,
demyelination syndrome, cognitive impairment and mood disorder are not included in any SLE
classification criteria but were encountered in our study cohort and considered NPSLE (Table 3.3).
Concerning disease severity, almost half of SLE patients had mild disease according to physician
global assessment (PGA), 34.2% had moderate disease and 20.4% had severe SLE. One quarter
had at least two moderate (BILAG B) or one severe (BILAG A) manifestations throughout their disease
course and 41.7% had required therapy with any immunosuppressive or biologic drug. At last followup, 44.2% of study participants had developed irreversible organ damage, as reflected by an SDI>0
(Table 3.4).
The control group for this part of the study comprised of 401 patients, the majority females (78.6%),
Caucasians (99%), with rheumatoid arthritis (30.9%). Median age at diagnosis was 50 years and
disease duration 47 months (Table 3.1).
Table 3.1 General characteristics of participants in the retrospective study of criteria
comparison
Number

SLE patients*

Controls

690

401
1

Age at diagnosis (years)
Disease duration (months)
Caucasian (%)
Gender (% female)
Centre

42.0 (20.3)
48.0 (64.0)
685 (99.3%)
636 (92.2%)

50.0 (22.0)
47.0 (84.5)
397 (99.0%)
315 (78.6%)

University Hospital of Heraklion
‘Attikon’ University Hospital
Diagnosis

420 (60.9%)
270 (39.1%)

274 (68.3%)
127 (31.7%)

Rheumatoid arthritis
Undifferentiated connective tissue disease
Sjogren’s syndrome
Scleroderma
Psoriatic arthritis
Vasculitis
Behçet’s disease
Myositis
Familial Mediterranean Fever
Adult-onset still’s disease
Fibromyalgia
Primary antiphospholipid syndrome
Chronic cutaneous lupus erythematosus

124 (30.9%)
53 (13.2%)
42 (10.5%)
40 (10.0%)
25 (6.2%)
22 (5.5%)
19 (4.7%)
18 (4.5%)
17 (4.2%)
13 (3.2%)
13 (3.2%)
9 (2.2%)
6 (1.5%)

* SLE patients with diagnosis during 1/2005-12/2016 (n=690)
1

Median (interquartile range)

33

Table 3.2 Sensitivity of each manifestation from the three classification criteria sets in the SLE
study sample
Domain/Organ
Mucocutaneous
3
manifestations
Malar rash (ACR)
Discoid rash (ACR)

N1 Sensitivity(%)2 Domain/Organ
624
429
60

90.43%
62.20%
8.70%

Photosensitivity (ACR)

462

67.00%

N1 Sensitivity(%)2

3

Serositis
Serositis (ACR, SLICC)
Pericarditis (EULAR/ACR)
Pleural/pericardial effusion
(EULAR/ACR)
3

94
94
41

13.62%
13.62%
5.94%

58

8.40%

Mucosal ulcers (ACR, SLICC)
ACLE (SLICC-any)
Malar rash (SLICC)

257
539
429

37.20%
78.10%
62.62%

Renal manifestations
Renal disorder (ACR)
Renal disorder (SLICC)

86
86
81

12.46%
12.46%
11.70%

Maculopapular ACLE (SLICC)
Photosensitive lupus rash
(SLICC)
SCLE (SLICC)

43

6.23%

Biopsy-proven LN (SLICC)

54

7.80%

45
96

6.52%
13.91%

Proteinuria (EULAR/ACR)
LN class II or V (EULAR/ACR)

70
24

10.10%
3.50%

CCLE (SLICC-any)
Classic discoid (SLICC)
Other chronic cutaneous
(SLICC)
Lupus panniculitis
Chilblain lupus
Lupus tumidus
Lupus profundus
Lupus verrucous

81
60

11.70%
8.70%

LN class III or IV (EULAR/ACR)
Neurological manifestations

33
45

4.80%
6.52%

21
9
8
2
2
1

3.04%
1.30%
1.16%
0.02%
0.02%
0.01%

Neurologic disorder (ACR)
Neurologic disorder (SLICC)
Delirium (EULAR/ACR)
Psychosis (EULAR/ACR)
Seizure (EULAR/ACR)
Immunological manifestations

21
45
1
9
13
663

3.00%
6.52%
0.10%
1.30%
1.90%
96.09%

81

11.73%
89.10%

ANA (ACR, SLICC)
Immunologic disorder (ACR)

646
278

93.62%
40.30%

615

89.10%

Anti-DNA (SLICC)

186

27.00%

318
318
20
272
105

46.09%
46.09%
2.90%
39.40%
15.22%

Constitutional (EULAR/ACR)
Arthritis
Synovitis (ACR, SLICC,
EULAR/ACR)
Hematological
3
manifestations
Hematologic disorder (ACR)
Haemolytic anaemia (SLICC)
Leukopenia (SLICC)
Thrombocytopenia (SLICC)

Anti-Sm (SLICC)
33
4.78%
aPL Ab (SLICC, EULAR/ACR)
136
19.71%
Low complement (SLICC)
264
38.26%
Coombs test (SLICC)
35
5.07%
Low C3 OR low C4 (EULAR/ACR) 115
16.70%
Low C3 AND low C4
Leukopenia (EULAR/ACR)
223
32.31%
(EULAR/ACR)
161
23.30%
Thrombocytopenia/AIHA
Anti-dsDNA or anti-Smith antibody
(EULAR/ACR)
114
16.50%
(EULAR/ACR)
201
29.10%
1SLE patients with diagnosis during 1/2005-12/2016 (n=690)
2Sensitivity at last follow-up
3Some patients had ≥1 manifestations included in the same item over the course of their disease
ACLE, Acute Cutaneous Lupus Erythematosus; SCLE, Subacute Cutaneous Lupus Erythematosus; CCLE,
Chronic Cutaneous Lupus Erythematosus
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Table 3.3 Prevalence of criteria and non-criteria neuropsychiatric
Neuropsychiatric (any)

N=45 (6.52%)1

Delirium

1 (0.01%)

Psychosis

9 (1.3%)

Seizures

10 (1.45%)

Cranial neuropathy

13 (1.88%)

Peripheral neuropathy

6 (0.87%)

Transverese myelitis

7 (1.01%)

Neuropsychiatric non-criteria (any)

23 (3.33%)

Movement disorder

5 (0.72%)

Cerebrovascular disease

13 (1.88%)

Demyelination syndrome

3 (0.43%)

Cognitive impairment

3 (0.43%)

Mood disorder

4 (0.58%)

1Results

among SLE patients with diagnosis during 1/2005-12/2016 (n=690)

Table 3.4 Disease severity and organ damage in SLE patients
No of Patients1

%

SLE severity (PGA)
Mild

313

45.4%

Moderate

236

34.2%

Severe

141

20.4%

≥1 BILAG B

241

34.9%

≥1 BILAG A

127

18.4%

≥2 BILAG B or ≥1 BILAG A

168

24.3%

AZA, MMF, CNIs, BEL

243

35.2%

CYC, RTX

122

17.7%

Any immunosuppressive/biologic

288

41.7%

0

454

65.8%

>0

136

44.2%

BILAG manifestations

Use of IS drugs

Organ Damage (SDI)

1Results

among SLE patients with diagnosis during 1/2005-12/2016 (n=690)
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3.1.2 Sensitivity and specificity of existing criteria
Both the EULAR/ACR and SLICC showed higher sensitivity (88.6% and 91.3%, respectively) than the
ACR criteria (85.7%), against physician diagnosis with the EULAR/ACR demonstrating higher
specificity than the other two sets (97.3% versus 93.0-93.8%) (Figure 3.2). Accordingly, the
EULAR/ACR criteria had lower false-positive rate whereas the SLICC had higher true-positive rate
(Figure 3.3). Only 2.9% of SLE cases were missed by all three criteria, suggesting that their
combination enables the classification of the vast majority of patients encountered in clinical practice.
At the time of physician diagnosis, sensitivity ranged 69.4-74.4%, showing delay in the classification
of a significant number of patients (Figure 3.2). Indeed, within classified patients, diagnosis predated
classification by >3 months in 17.3-19.9% of cases (Table 3.5).

120

% of patients1

100
80

86,7

85,7

91,3 88,6

97,1

93,0 93,8 97,3 90

69,5 73,5 74,4

60
40
20
0

Sensititivity
Sensitivity at
atdiagnosis
onset
ACR 1997

Overall sensitivity

SLICC 2012

EULAR/ACR

Specificity
Any of the three

Figure 3.2 Sensitivity at diagnosis and at last assessment and overall specificity of the three classification
criteria.
1Results among SLE patients with diagnosis during 1/2005-12/2016 (n=690)

Figure 3.3 Modified plot of true-positive rate
and false-positive rate for the EULAR/ACR,
SLICC and ACR criteria.
The blue shaded region corresponds to superior
performance of the EULAR/ACR over SLICC
criteria in confirming the absence of SLE (i.e.
increased specificity). The yellow shaded region
corresponds to superior performance of the
SLICC over EULAR/ACR criteria in confirming
the presence of SLE (i.e., increased sensitivity).
The lower-right position of the ACR plot
corresponds to its inferior classification
performance as compared to the SLICC and
EULAR/ACR criteria.
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Table 3.5 Timing of classification compared to physician-based diagnosis
Earlier (>3 months)
than physician
diagnosis

Within 3 months of
physician
diagnosis

Later (<3 months)
than physician
diagnosis

All SLE patients (n=677)
ACR 1997 classified cases (n=579)

15.9%

64.2%

19.9%

SLICC 2012 classified cases (n=617)

17.8%

64.3%

17.8%

EULAR/ACR classified cases (n=600)

15.7%

67.0%

17.3%

Neurological SLE (n=45)
ACR 1997 classified cases (n=37)

10.8%

64.9%

24.3%

SLICC 2012 classified cases (n=41)

9.8%

63.4%

26.8%

EULAR/ACR classified cases (n=40)

12.5%

67.5%

20.0%

Renal SLE (n=84)
ACR 1997 classified cases (n=81)

8.6%

76.5%

14.8%

SLICC 2012 classified cases (n=81)

9.9%

81.5%

8.6%

EULAR/ACR classified cases (n=78)

6.4%

85.9%

7.7%

Hematological SLE (n=335)
ACR 1997 classified cases (n=306)

15.7%

63.7%

20.6%

SLICC 2012 classified cases (n=322)

19.9%

63.7%

16.5%

EULAR/ACR classified cases (n=304)

14.8%

65.5%

19.7%

Moderate/severe SLE (n=167)
ACR 1997 classified cases (n=142)

7.7%

69.7%

22.5%

SLICC 2012 classified cases (n=155)

10.3%

75.5%

14.2%

EULAR/ACR classified cases (n=148)

8.8%

75.7%

15.5%

1

2

2

2

3

1

Only patients with known date of appearance of first manifestation were included

2

Fulfilment of ≥1 related item from any of the three criteria

3

Defined as ≥2 BILAG B or ≥1 BILAG A manifestations

3.1.3 Disease phenotypes according to which criteria sets are fulfilled
Only 76.7% of SLE patients met all three classification criteria, suggesting non-overlapping patient
groups. To decipher the ability of criteria to classify distinct disease phenotypes, we compared
patients who were missed by each one of the criteria sets and patients who were missed by all three
of them (Table 3.6). Patients who did not meet the ACR criteria had significantly higher prevalence
of haematological and immunological features. Patients who were not classified by the EULAR/ACR
had increased rates of mucocutaneous disease and leukopenia, whereas those missed by the SLICC
criteria had predominant skin and joints disease. Among patients who were not classified by any of
the criteria, 20% had neurologic manifestations whereas the prevalence of immunological features
was lower. Together, existing criteria capture non-identical groups of SLE patients.

3.1.4 Disease burden among SLE patients missed by the classification criteria
In order to examine whether patients who are missed by the criteria differ in terms of disease
outcomes, we assessed the severity of lupus manifestations and irreversible organ damage across
the aforementioned groups of patients. Almost a quarter of patients missed by the EULAR/ACR 2019
criteria exhibited severe disease and a significant proportion (43.3-55.7%) of patients missed by one
of the three criteria sets had moderate/severe manifestations which required immunosuppressive or
biologic treatment (Figure 3.4). Concordantly, organ damage developed in 30.0-40.5% of unclassified
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patients (Figure 3.5). Notably, patients missed by all three criteria also exhibited significant disease
burden, with 60% presenting moderate/severe manifestations, requiring high intensity therapies, and
50.0% developing organ damage (Table 3.7). These results suggest that despite their high sensitivity,
classification criteria may miss patients with potentially severe disease.

100%
90%

23,2

18,3

24,1

80%

45

70%

22,2

60%

25
31,6

50%

15

40%
30%

54,5

56,7

44,3

20%

40

10%
0%
Missed by the Missed by the Missed by the Missed by ALL
ACR
SLICC
EULAR/ACR
CRITERIA
Severe

Moderate

Mild

Figure 3.4 Prevalence of mild, moderate and severe disease according to fulfilment of SLE criteria sets
Distribution of disease severity (physician global assessment: mild, moderate, severe) across groups of SLE
patients who are not classified by the ACR (Group A), SLICC (Group B), EULAR/ACR (Group C), and all three
classification criteria (Group D). Between-group comparisons were performed with linear mixed models to
account for partially-paired data. a Statistically significant difference in prevalence of severe manifestations
between Group D and Groups A, B, C (p<0.05: Group D versus Groups A, C; p=0.001: Group D versus Group
B); b p=0.037 for the difference in disease severity (moderate/severe manifestations) between Group B and
Group D. Results are among SLE patients with diagnosis during 1/2005-12/2016 (n=690).
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Table 3.6 Prevalence of clinical and immunological features (SLICC-2012 criteria) across groups of SLE patients who were not classified
by the classification criteria

Groups1

ACR-1997
A (n=99)

Missed by the
SLICC-2012
EULAR/ACR-2018
B (n=60)
C (n=79)

All three criteria
D (n=20)

SLICC-2012 items
P value2
Pairwise comparisons
c A vs. B/C
Acute cutaneous lupus
49 (49.5%)
48 (80.0%)
57 (72.2%)
12 (60.0%)
<0.001
Chronic cutaneous lupus
10 (10.1%)
5 (8.3%)
14 (17.7%)
1 (5.0%)
0.055
b A vs. C; c B vs. C
Non-scarring alopecia
42 (42.4%)
22 (36.7%)
50 (63.3%)
9 (45.0%)
<0.001
c A/B/D vs. C
Mucosal ulcers
12 (12.1%)
14 (23.3%)
41 (51.9%)
3 (15.0%)
<0.001
b
Synovitis
69 (69.7%)
52 (86.7%)
59 (74.7%)
13 (65.0%)
<0.001
A vs. B; a B vs. C/D
Serositis
6 (6.1%)
6 (10.0%)
10 (12.7%)
2 (10.0%)
0.363
Renal disorder
3 (3.0%)
2 (3.3%)
5 (6.3%)
2 (10.0%)
0.136
Neurologic disorder
8 (8.1%)
4 (6.7%)
5 (6.3%)
4 (20.0%)
0.058
Hemolytic anemia
3 (3.0%)
0 (0.0%)
2 (2.5%)
0 (0.0%)
0.216
a B vs C; a C vs. A
Leukopenia
20 (20.2%)
9 (15.0%)
22 (27.8%)
2 (10.0%)
0.016
a A vs. B
Thrombocytopenia
18 (18.2%)
4 (6.7%)
10 (12.7%)
2 (10.0%)
0.036
b
Anti-DNA Ab
18 (18.2%)
2 (3.3%)
0 (0.0%)
0 (0.0%)
<0.001
A vs. B; c A vs. B/C
Anti-Sm Ab
2 (2.0%)
0 (0.0%)
1 (1.3%)
0 (0.0%)
0.224
c A vs. B; a B vs. C
Anti-phospholipid Ab
18 (18.2%)
1 (1.7%)
9 (11.4%)
1 (5.0%)
<0.001
c A vs. B/C/D; c B vs. C; b C vs. D
Low complement
43 (43.4%)
2 (3.3%)
17 (21.5%)
1 (5.0%)
<0.001
Coombs test
5 (5.1%)
0 (0.0%)
2 (2.5%)
0 (0.0%)
0.057
c A vs B/C/D
ANA
84 (84.8%)
34 (56.7%)
35 (44.3%)
10 (50.0%)
<0.001
1Results are among SLE patients with diagnosis during 1/2005-12/2016 (n=690)
2 Linear mixed model analysis was used to consider for partially paired samples included in the four groups (A to D). Repeated covariance type was set to scale
identity to avoid inflated type I error. Main effects were tested by robust estimation method. Pairwise effects were adjusted for multiple comparisons (sequential
Bonferroni method). a p<0.05; b p<0.01; c p<0.001
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60
% of patients1

Figure 3.5 Prevalence of organ damage
accrual according to fulfilment of SLE
criteria sets
Organ damage accrual based on the SDI
(assessed at last patient visit/assessment)
across the aforementioned patient groups.
Statistically significant difference in prevalence
of organ damage (SDI>0) between Group B and
Groups C (p=0.008) and Group D (p=0.015).
Group A, patients who are not classified by the
ACR; Group B, patients who are not classified
by the SLICC; Group C, patients who are not
classified by the EULAR/ACR criteria; Group D,
patients who are missed by all three
classification criteria.
1Results are among SLE patients with diagnosis
during 1/2005-12/2016 (n=690)
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Table 3.7 Disease burden among patients who were missed by all classification criteria
SLE patients missed by all criteria sets (n=20)1
Organ damage (SDI>0)

10 (50.0%)

≥1 BILAG B

5 (25.0%)

≥1 BILAG A

8 (40.0%)

≥2 BILAG B or ≥1 BILAG A

10 (50.0%)

Use of any immunosupressive or biologic agent
10 (50.0%)
Overall PGA of SLE severity
Mild
8 (40.0%)
Moderate
3 (15.0%)
Severe
9 (45.0%)
1Results are among SLE patients with diagnosis during 1/2005-12/2016 (n=690)

3.1.5 Performance of criteria across disease subgroups
All classification criteria performed better among ANA positive patients. Specifically, the sensitivity
of ACR-1997, SLICC-2012 and EULAR/ACR-2019 criteria was 87%, 94.7% and 94.6% respectively
in ANA positive patients (Table 3.8). Specificity in ANA positive control patients (n=159) was 88.1%,
84.9% and 93.1% respectively. ANA negative patients had more frequently mucocutaneous
manifestations and had lower rates of hypocomplementinaemia (Table 3.9).
Among SLE patients with major organ disease all three criteria had lower sensitivity, compared to
physician-based diagnosis. Particularly, more patients with neuropsychiatric manifestations were
missed by the three criteria sets than patients with renal disease and their diagnosis was delayed in
20.0-26.8% of cases as compared to patients with renal (7.7-14.8%) SLE (Figure 3.6, Figure 3.7).
Across all patient subgroups with major disease, the SLICC and EULAR/ACR enabled earlier
classification than the ACR criteria (Notably, the SLICC criteria showed increased sensitivity for
patients with moderate/severe haematological manifestations, as compared to the EULAR/ACR and
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ACR criteria (95%, 87.5% and 81.3% respectively. Importantly, the combination of all three criteria
ensured the maximum capture of major disease subgroups (96.7-98.3%) (Figure 3.6).
When we analysed patients with early disease (disease duration <3 years), we found that the
EULAR/ACR and the SLICC criteria have significantly increased sensitivity as compared to the ACR
criteria (87.3%, 91.4% and 79.9%, respectively and p<0.01 and p<0.001, respectively) and, similarly
to the entire cohort, only the 3% was missed by all criteria sets (Figure 3.8). In this group (n=268),
the median (95% CI) time interval between the earliest item and fulfilment of the criteria was shorter
for the EULAR/ACR (9.1 [6.5-11.8] months) and SLICC (9.1 [6.9-11.3] months) than the ACR (12.1
[9.6-14.7] months, p=0.043 and p=0.001, respectively) criteria (Figure 3.9). Furthermore, the SLICC
criteria outperformed among patients who developed severe manifestations, requiring
immunosuppressive or biologic therapy soon (<3 years) after disease diagnosis (Table 3.10).
Together, both the EULAR/ACR and SLICC criteria have increased sensitivity in early SLE and enable
earlier classification than the ACR criteria. However, as shown in Table 3.11 (A and B), patients who
had severe disease at early stages and developed irreversible damage during the first three years,
were frequently missed by one or two classification criteria sets at the time of diagnosis. Specifically,
among those patients with early disease who did not fulfil any criterion (n=32) at the time of disease
diagnosis, 19% had severe disease and 22% developed organ damage, but interestingly, even those
who fulfilled all three classification criteria at onset, developed organ damage at a rate of 23.9%
(Table 3.11, A and B).
Table 3.8 Comparison of sensitivity of criteria between ANA positive and negative patients1
ANA
NEGATIVE (n=44)

POSITIVE (n=646)

N

%

N

%

No

15

34.1%

84

13.0%

Yes

29

65.9%

562

87.0%

SLICC-2012 classified by No

26

59.1%

34

5.3%

criteria and/or biopsy

Yes

18

40.9%

612

94.7%

EULAR/ACR-2019

No

44

100.0%

35

5.4%

classified
Yes
0
0.0%
611
are among SLE patients with diagnosis during 1/2005-12/2016 (n=690)

94.6%

ACR-1997 classified

1Results
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Table 3.9 Prevalence of criteria items according to ANA status
ANA
Negative
CRITERIA ITEMS

N

Constitutional (EULAR/ACR)

1

Positive

%

N

7

15.9%

Photosensitivity

35

ACLE (SLICC)

1

%

P value

74

11.5%

0.339

79.5%

427

66.1%

0.067

38

86.4%

501

77.6%

0.171

CCLE (SLICC)

7

15.9%

74

11.5%

0.374

Non-scarring alopecia (SLICC)

28

63.6%

328

50.8%

0.099

Mucosal ulcers (ACR, SLICC)
Non-scarring alopecia or oral ulcers
(EULAR/ACR)
ACLE (EULAR/ACR)

24

54.5%

233

36.1%

0.014

36

81.8%

414

64.1%

0.017

36

81.8%

436

67.5%

0.048

SCLE or CCLE (EULAR/ACR)

15

34.1%

136

21.1%

0.043

Synovitis (ACR, SLICC, EULAR/ACR)

42

95.5%

573

88.7%

0.213

Acute pericarditis (EULAR/ACR)
Pleural and/or pericardial effusion
(EULAR/ACR)

5

11.4%

36

5.6%

0.173

4

9.1%

54

8.4%

0.780

Proteinuria ≥0.5gr/24h (EULAR/ACR)

4

9.1%

66

10.2%

1.000

LN class II or V (EULAR/ACR)

2

4.5%

22

3.4%

0.661

LN class III or IV (EULAR/ACR)

2

4.5%

31

4.8%

1.000

Neurologic disorder (SLICC)

4

9.1%

41

6.3%

0.521

AIHA (SLICC)

1

2.3%

19

2.9%

1.000

Leukopenia (SLICC)

14

31.8%

258

39.9%

0.286

Thrombocytopenia (SLICC)

8

18.2%

97

15.0%

0.572

Anti-DNA (SLICC)

0

0.0%

186

28.8%

<0.001

Anti-Sm (SLICC)

1

2.3%

32

5.0%

0.715

aPLs (SLICC, EULAR/ACR)

7

15.9%

129

20.0%

0.512

Low C3 or low C4 (EULAR/ACR)

9

20.5%

106

16.4%

0.486

Low C3 and low C4 (EULAR/ACR)

4

9.1%

157

24.3%

0.021

Coombs test (SLICC)

1

2.3%

34

5.3%

0.719

1Results

are among SLE patients with diagnosis during 1/2005-12/2016 (n=690)
ACLE, Acute Cutaneous Lupus Erythematosus; SCLE, Subacute Cutaneous Lupus Erythematosus; CCLE,
Chronic Cutaneous Lupus Erythematosus
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81,30%
95%
87,50%
97,50%

Any criteria
91,30%
96,20%
91%
98,80%

EULAR/ACR
96,60%
98,30%
93,20%
98,30%

SLICC12

96,50%
96,50%
93%
97,70%

81,70%
91,70%
90%
96,70%

82,20%
91,10%
88,90%
91,10%

ACR 1997

Figure 3.6 Sensitivity of the EULAR/ACR, SLICC and ACR criteria and their combination across
subgroups of SLE patients with major organ involvement1
* Includes patients with non-criteria NPSLE manifestations.
**Moderate/severe SLE was defined as at least 1 BILAG A or 2 BILAG Bs manifestations.
1Results are among SLE patients with diagnosis during 1/2005-12/2016 (n=690)
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Figure 3.7 Timing of SLE classification in reference to physician diagnosis within subgroups of SLE
patients with major organ involvement
Timing of SLE classification (according to the EULAR/ACR, SLICC, ACR criteria) in reference to physician
diagnosis within the subgroups of SLE patients with neurological, renal, haematological and overall
moderate/severe disease (defined as above). The x-axis represents the difference (in months) in the time of
criteria classification compared to diagnosis. Results are among SLE patients with diagnosis during 1/200512/2016 (n=690).
* p<0.05 for the comparison of the EULAR/ACR versus ACR criteria (Wilcoxon signed-rank test); **p<0.01 for
the comparison of the EULAR/ACR versus ACR and the SLICC versus ACR criteria (Wilcoxon signed-rank
test); *** p<0.001 for the comparison of the EULAR/ACR versus ACR and the SLICC versus ACR criteria
(Wilcoxon signed-rank test).

120,00%
100,00%
80,00%

Sensitivity in early disease (<3 years)
97,00%
91,40%
87,30%
79,90%

60,00%
40,00%
20,00%
0,00%

Figure 3.8 Sensitivity of classification criteria across patients with disease duration <3 years
Results are among SLE patients with diagnosis during 1/2005-12/2016 and disease duration <3 years (n=268)
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Figure 3.9 Time-to-classification analysis
Time elapsing between the date of first appearance of the
earliest criteria (belonging to any of the three sets) until the
earliest date of fulfilment of each set of criteria, for each set of
classification criteria within the subgroup of SLE patients with
early disease (as in Figure 3.8). ** p<0.01
Results are among SLE patients with diagnosis during 1/200512/2016 and disease duration <3 years (n=268)

Table 3.10 Sensitivity of classification criteria according to SLE severity in early disease (<3
years)
No.
patients1

ACR 1997

SLICC 2012

EULAR/ACR
2019

Any of the
criteria

47
125

91.5%
85.6%

94.4%
95.7%

88.0%
83.0%

96.8%
95.7%

≥1 BILAG B

88

84.1%

94.3%

88.6%

97.7%

≥1 BILAG A

42

88.1%

95.2%

83.3%

95.2%

≥2 BILAG B or ≥1 BILAG A

55

87.3%

94.5%

83.6%

94.5%

Overall physician assessment
Severe disease
Moderate/severe disease
Severity of manifestations
(BILAG)

Any immunosuppressive or
biologic treatment
83
86.7%
97.6%
86.7%
97.6%
1Results are among SLE patients with diagnosis during 1/2005-12/2016 and disease duration <3 years (n=268)
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Table 3.11 (A and B) Disease severity according to fulfillment of classification criteria at onset
(+/- 3months) in EARLY LUPUS subgroup (<3 years)
A

SLE
criteria
group
(onset)

None
ACR only
SLICC only
EULAR/ACR only
SLICC and EULAR/ACR (not ACR)
SLICC and ACR (not EULAR/ACR)
ACR and EULAR/ACR (not SLICC)
All three sets

At least 2 moderate or 1 severe manifestation
No
Yes
Total
N1
%
N1
%
26
81.3%
6
18.8%
32
7
70.0%
3
30.0%
10
9
75.0%
3
25.0%
12
12
85.7%
2
14.3%
14
27
87.1%
4
12.9%
31
9
69.2%
4
30.8%
13
10
90.9%
1
9.1%
11
113
77.9%
32
22.1%
145
213
55
268

B

Organ damage (SDI>0)
No
Yes
Total
N1
%
N1
%
SLE
None
25
78.1%
7
21.9%
32
criteria
ACR only
7
70.0%
3
30.0%
10
group
SLICC only
9
75.0%
3
25.0%
12
(onset)
EULAR/ACR only
12
85.7%
2
14.3%
14
SLICC and EULAR/ACR (not ACR)
27
87.1%
4
12.9%
31
SLICC and ACR (not EULAR/ACR)
9
69.2%
4
30.8%
13
ACR and EULAR/ACR (not SLICC)
10
90.9%
1
9.1%
11
All three sets
111
76.6%
34
23.4%
145
210
58
268
1Results are among SLE patients with diagnosis during 1/2005-12/2016 and disease duration <3 years (n=268)

3.1.6 Modification of existing classification algorithms
In order to enhance the diagnostic accuracy of classification criteria, we explored modified versions
of the SLICC 2012 (modSLICC-2012) and EULAR/ACR 2019 classification criteria (modEULAR/ACR2019), based on the characteristics of the 1091 patients (both SLE and controls) of the cohort used
to compare the original versions of the three criteria sets. A random 80% (derivation) set of our total
sample (SLE and controls) was extracted to identify subgroups of patients who failed classification
and assess the frequency of individual items over the entire observation period (Figure 2.1).
Patients that failed to classify by the EULAR/ACR criteria were primarily cases with a) negative ANA,
thus not fulfilling the entry criterion, but had either hypocomplementemia and/or positive antiphospholipid antibodies, and b) cases with positive ANA who had a total score of 8 or 9, thus falling
short of the classification threshold and a minimum score of 6 from the clinical domains. Patients that
did not classify with the SLICC criteria included a) those with single immunologic criterion and two
clinical criteria from different organs/domains, and b) cases with no immunologic criteria but ≥4 clinical
criteria from ≥2 different organs/domains. Since most of the patients in these two groups had ACR
defined photosensitivity, this was included as additional clinical criterion to preserve the
sensitivity/specificity ratio. The aforementioned subcategories of patients were included in the
modified algorithms that were then tested in the remaining 20% of the sample running 100 iterations
to account for patient heterogeneity.
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By amending the classification algorithms to include the aforementioned patient groups, the sensitivity
of the modEULAR/ACR criteria increased to 94.1% (by 5.5% units), while the modSLICC criteria
increased to 97,3 (by 6 percent units) with modest decrease in specificities. We tested the modified
algorithms in the remaining 20% of the sample running 100 iterations to account for patient
heterogeneity. The median sensitivity of the modified EULAR / ACR and SLICC criteria in the
validation sets were 93.7% and 97.1%, respectively, with corresponding specificities 94.9% and
90.2% (Figure 3.10). At the time of physician diagnosis (extended by 3 months for completion of
work-up, “t0”), the sensitivity of the criteria ranged 69.5-74.4% (Figure 3.2). By applying the same
modified EULAR / ACR and SLICC classification algorithms at “t0”, we confirmed increases in
sensitivity by 7.3% and 12.2%, with reductions in specificity by 1.3% and 2.5%, respectively (Figure
3.10).
Since our results demonstrated high disease burden among patients who were missed by the
classification criteria (Figure 3.4 and Figure 3.5) we wanted to explore whether the modified
classification algorithms had increased sensitivity over the original versions in capturing severe forms
of the disease. Initially, we focused on early disease stages and grouped patients according to
whether they fulfilled or not the original and modified versions of SLICC and EULAR/ACR criteria at
t0. These groups were then monitored for new-onset adverse outcomes (BILAG A/B activity from the
renal, neurological or haematological domains, use of immunosuppressive or biologic treatments,
organ damage) during the first 6-24 months since diagnosis. We observed a high incidence of adverse
disease outcomes in patients missed by the original criteria at t0, albeit lower compared to classified
patients (Figure 3.11). Rates of all three outcomes were significantly lower (by 17% to 44%, p≤0.017)
among patients who were missed by the modified than the original EULAR/ACR and SLICC criteria.
Similarly, the modified criteria captured significantly more patients with moderate/severe SLE and
organ damage as compared to the original versions (Figure 3.12 A and B). Accordingly, modified
algorithms show increased sensitivity for classifying severe/progressive forms of SLE and likewise,
patients who are unclassified by the modified criteria manifest milder disease. Therefore, SLE patients
missed by the modified versions of the SLICC 2012 and EULAR/ACR 2019 classification criteria
demonstrated significantly lower frequency of moderate/severe manifestations and organ damage
and significantly lower incidence of adverse disease outcomes at early stages.
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Overall Sensitiviy
SLICC-2012
modSLICC
EULAR/ACR-2019
modEULAR/ACR

91,75
97,08
88,57
93,68

Sensitivity at
diagnosis
79,98
86,17
74,64
81,95

Overall Specificity
94,31
90,18
97,53
94,9

98,68

97,42

94,67

97,18

94,9

97,53

modEULAR/ACR
90,18

94,31

81,95

74,64

86,17

EULAR/ACR-2019

79,98

93,68

97,08

modSLICC
88,57

91,75

SLICC-2012

Specificity at
diagnosis
97,18
94,67
98,68
97,42

Figure 3.10 Sensitivity and specificity of original and modified versions of SLICC-2012 and EULAR/ACR2019.
Median sensitivities and specificities both at diagnosis and at the end of follow-up, of the SLICC-2012,
modSLICC, EULAR/ACR-2019 and modEULAR/ACR criteria derived after extraction of a random 80% of the
total sample for derivation of the modified algorithms, and validation of the algorithms in the remaining 20% of
the sample, followed by 100 random iterations to capture the disease heterogeneity. Results are among the
1091 patients (SLE and controls) analysed for the modification of classification criteria.
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Figure 3.11 SLE patients missed by the modified versions of the SLICC 2012 and EULAR/ACR 2019
classification criteria demonstrate significantly lower incidence of adverse disease outcomes at early
Stages
(A) Incidence of BILAG B or BILAG A activity from the neurological, renal and/or haematological domains in
SLE patients who – at the time of physician diagnosis – are: i) classified (circle) or not (square) by the original
EULAR/ACR (or SLICC) criteria, ii) are missed by the modified EULAR/ACR (or SLICC) criteria (triangle), and
iii) are missed by both the modified EULAR/ACR (or SLICC) criteria and the remaining two criteria (original
versions) (diamond). (B) Incidence of use of high-potency immunosuppressive and/or biologic treatments due
to active SLE in the same patient groups as in A. (C) Incidence of organ damage accrual (SDI>0) in the same
patient groups as in A. Statistical comparisons in panels A–C are performed by linear mixed model (repeated
measures) analysis for partially matched data across the groups missed by the original criteria, missed by the
modified version of the criteria, and missed by the modified version and the other two (original) sets of criteria.
Results are among the 1091 patients (SLE and controls) analysed for the modification of classification criteria.
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A
120

p=0.003

p=0.002

100
18,3

24,1

80
25
60

31,6
16,5

40

15,2

13,3
5

56,7
20

44,3
24,1

18,3
0
Missed by SLICC-2012

Missed by ModSLICC Missed by EULAR/ACR2019
Mild

Moderate

Missed by
ModEULAR/ACR

Severe

B
120
100
80

p=0.050

p=0.017

11,7

12,7

18,3

27,8

60
8,9
40

70

20

13,9

6,7
8,3

59,9
32,9

21,7
0
Missed by SLICC-2012

Missed by ModSLICC Missed by EULAR/ACR2019
SDI=0

SDI=1

Missed by
ModEULAR/ACR

SDI>1

Figure 3.12 Rates of disease severity and organ damage within patients missed by the original and
modified classification criteria
A) Rates of mild, moderate and severe disease within SLE patients who are missed by the original versus the
modified version of the SLICC 2012 (left panel) and EULAR/ACR 2019 (right panel) classification criteria. B)
Rates of organ damage (SDI = 0, SDI = 1, SDI ≥2) within SLE patients who are missed by the original versus
the modified version of the SLICC 2012 (left panel) and EULAR/ACR 2019 (right panel) classification criteria.
Statistical comparisons were performed by repeated measured mixed model analysis (diagonal covariance
structure) using moderate/severe SLE (A) and organ damage (SDI>0) (B) as dependent variables (fixed-effects
model p-values are shown). Results are among the 1091 patients (SLE and controls) analysed for the
modification of classification criteria.
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3.2

The use of Machine learning techniques in SLE diagnostics

3.2.1 The discovery and validation patient cohort
For the development of machine learning-based algorithms to aid SLE diagnosis, we included SLE
patients and controls diagnosed during 1/2005-6/2019 by consultant rheumatologists from the two
participating centres. A randomly selected discovery cohort of 401 patients with SLE and 401 controls
were used to construct, train and compare the ML models. An external validation cohort of
consecutively registered 512 patients with SLE and 143 controls was used to provide an unbiased
estimate of the diagnostic accuracy of the best model. General characteristics of the discovery and
validation patient cohort are show in (Table 3.12).
Table 3.12 Characteristics of the discovery and validation patient cohorts
Discovery cohort

Validation cohort

SLE patients

Controls

SLE patients

Controls

No. patients
Ethnicity (Caucasian, %)
Gender (Female, %)
Age at diagnosis (years)1

401
99.3
91.8
43.0 (21.0)

401
99.0
78.6
50.0 (22.0)

513
98.6
91.0
42.0 (22.0)

Disease duration (months)

50.5 (64.9)

46.9 (85.1)

21.5 (44.5)

143
100.0
88.8
43.0
(17.0)
20.8
(34.4)

Diagnosis
Rheumatoid arthritis
UCTD
Sjogren’s syndrome
Scleroderma
Psoriatic arthritis
Vasculitis
Behçet’s disease
Myositis
FMF
Adult-onset still’s disease
Fibromyalgia
PAPS
Chronic
cutaneous
erythematosus
Sarcoidosis

lupus

126 (31%)
57 (14%)
43 (11%)
42 (10%)
25 (6%)
22 (5%)
17 (4%)
19 (5%)
18 (4%)
14 (3%)
3 (1%)
9 (2%)
6 (1%)

28 (20%)
56 (39%)
11 (8%)
11 (8%)
7 (6%)
2 (1%)
2 (1%)
9 (6%)
3 (2%)
5 (3%)
2 (1%)
1 (1%)
4 (3%)

0 (0%)

2 (1%)

1 Median

(interquartile range)
UCTD, undifferentiated connective tissue disease; FMF, Familial Mediterranean Fever; PAPS, Primary
Antiphospholipid Syndrome

3.2.2 Combination of the classification criteria with additional features using Machine
learning techniques
We used a discovery cohort of randomly selected 802 adults with SLE or control rheumatologic
diseases to prepare 20 clinically selected panels of classification criteria items (both in their original
version and deconvoluted into subitems in the case of composite items) and non-criteria features.
Two machine learning methods were applied for feature selection and model construction for each
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panel: (A) Random Forests (RF) and (B) Least Absolute Shrinkage and Selection Operator (LASSO)
followed by logistic regression (LASSO-LR) (Figure 2.2).
First, we examined whether combination of existing classification criteria with additional, nonredundant features can improve their performance. Combinatory models were examined for each of
the three classification criteria. We examined the performance of each classification criteria algorithm
(ACR-1997, SLICC-2012 and EULAR/ACR-2019) after the addition of features present in one or both
of the remaining classification criteria algorithms, for example, the ACR-1997 items plus low C3 or C4
and maculopapular rash. Furthermore, we examined if their performance could be enhanced after the
addition of features not present in any of the three classification criteria (non-criteria items), like livedo
reticularis or interstitial lung disease (ILD). The modification of the EULAR/ACR-2019 criteria after
including the antinuclear antibodies (ANA) as a separate item (treated as additional feature rather
than as entry criterion) was also examined. These modifications showed increased accuracy for SLE
(by 0.38%–3.11% in the 10-fold CV runs) over the original versions of the criteria (Table 3.14). The
greatest improvement was observed for ACR-1997-based models where LASSO feature selection
identified alopecia, hypocomplementinemia, maculopapular rash and interstitial lung disease (ILD) as
additional predictors for SLE (Model M8, Table 3.14). Modelling the EULAR/ACR 2019 classification
score together with the ANA as a separate item, ILD and livedo reticularis showed also enhanced
diagnostic performance (Model M25). These results suggest that certain modifications that could
improve—albeit modestly—the accuracy of the classification criteria for SLE.

3.2.3 Development of a machine learning-based prediction model for SLE.
All individual items from the three sets of classification criteria, plus additional non-criteria
manifestations that were encountered in our SLE cohort (as defined in Table 6.5) were integrated to
develop a novel statistical algorithm. Feature selection was performed either embedded in RF or prior
to the model construction phase, with LR based on LASSO-LR. An important difference between
these two methods is that if several highly correlated variables are predictive, LASSO may select one
or a few while RF may use all of them.
The best model, which achieved the highest accuracy in the discovery cohort 10-fold cross-validation
process, was a LASSO-LR model of 14 clinical parameters (hereafter referred to as ‘SLERPI’: SLE
Risk Probability Index) (Table 3.13). The model parameters included features from all three sets of
classification criteria and ILD as a single non-criteria feature.
The following items had the strongest positive association with the diagnosis of SLE:
1. autoimmune thrombocytopenia or haemolytic anaemia (as defined by the EULAR/ACR-2019
criteria)
2. malar or maculopapular rash (as defined by the EULAR/ACR-2019 criteria)
3. low C3 and C4 (as defined by the EULAR/ACR-2019 criteria)
4. proteinuria (defined according to the EULAR/ACR-2019 criteria)
5. ANA positivity
6. immunological disorder (as defined by the ACR-1997 criteria, modified to include anti-β2glycoprotein antibodies) (Figure 3.12, Figure 3.13 A).
Next, a validation cohort of 512 clinically diagnosed patients with SLE and 143 disease controls
(validation cohort) was used to confirm this model, which showed excellent ability to distinguish

52

between true positive (SLE) and false positive (control) cases with an area under the ROC curve
(AUC) of 0.981 (Figure 3.12 B)
Table 3.13 A simple scoring system version of the SLERPI model
Feature
Malar rash or maculopapular rash†
Subacute cutaneous lupus erythematosus or discoid lupus erythematosus†
Alopecia‡
Mucosal ulcers§
Arthritis§
Serositis§
Leucopenia<4000/μL (at least once)† 1.5
Thrombocytopenia or autoimmune haemolytic anaemia†
Neurological disorder‡ 1.5
Proteinuria>500 mg/24 hours†
ANA†
Low C3 and C4†
Immunological disorder (any of: anti-DNA, anti-Sm, anti-phospholipid antibodies)¶

Score
3
2
1.5
1
2
1.5
1.5
4.5
1.5
4.5
3
2
2.5

Interstitial lung disease**
-1
SLE if total score >7††
*Apply the model in individuals with clinical suspicion for SLE. Each feature is counted if present (ever) and if
not explained by other cause (eg, drug effects, infections, malignant disorders, alternative more likely disease).
†Defined as in Aringer et al (17).
‡Defined as in Petri et al (163).
§Defined as in Hochberg (140).
¶Defined as in Hochberg (140) modified to include also positive anti-β2 glycoprotein IgG or IgM or IgA
antibodies.
**Radiologic features of lung disease suggesting inflammation and fibrosis of the alveoli, distal airways and
septal interstitium of the lung, as observed with a high-resolution CT scan of the chest.
††When operated at a threshold (sum of individual scores) of >7 (out of a maximum value 30.5), the sensitivity,
specificity and accuracy rates are 94.2%, 94.4% and 94.2%, respectively.
ANA, antinuclear antibodies; SLE, systemic lupus erythematosus.

Figure 3.13 Ranking of features included in
the SLE diagnostic model.
The features included in the LASSO-LR
diagnostic model were ranked based on their
importance in the predictive functionality of the
model. The drop-column methodology was
used (10-fold CV process in the discovery
cohort) to evaluate the importance of each
predictor (feature) by excluding it from the
model construction process and estimating the
change in the model accuracy.
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Table 3.14 Machine learning-based models of the classification criteria combined with additional non-redundant criteria and noncriteria features
Code

Method1

Brief description/model features

AUC2

ACC

SENS

SPEC

M1

LR

ACR-1997 criteria (binary variable)

89,28

89,28

85,55

93,01

M4

Lasso-LR

ACR-1997 criteria (binary variable), low C3 or C4, maculopapular rash

94,90

91,76

93,27

90,26

M5

RF

ACR-1997 criteria plus all non-redundant features from other criteria and non-criteria features

95,07

91,64

93,02

90,26

M6

LR

ACR-1997 criteria (continuous score)

95,70

89,28

85,55

93,01

M8

Lasso-LR

ACR-1997 criteria (continuous score), alopecia, low C3 or C4, interstitial lung disease, maculopapular
rash

97,44

92,39

93,27

91,51

M10

LR

SLICC-2012 (binary variable)

92,52

92,51

91,28

93,76

M12

RF

SLICC-2012 (binary variable) plus all non-redundant features from other criteria and non-criteria features

95,84

93,26

92,52

94,01

M13

LR

SLICC-2012 (continuous clinical and immunological scores)

97,34

92,51

94,26

90,76

M15

Lasso-LR

SLICC-2012 (continuous clinical and immunological scores), lymphopenia <1000/μL

97,61

92,89

93,51

92,26

M17

LR

EULAR/ACR-2019 (binary model)

92,27

92,27

87,29

97,26

M20

Lasso-LR

EULAR/ACR-2019 (binary model), photosensitivity, myositis, chronic CLE other than DLE

96,09

92,77

88,04

97,51

M22

LR

EULAR/ACR-2019 (continuous score), ANA

96,95

91,89

90,53

93,26

M25

Lasso-LR

EULAR/ACR-2019 (continuous score), ANA, livedo reticularis, interstitial lung disease

97,40

93,26

92,53

94,01

M26
M31

EULAR/ACR-2019 (continuous score), ANA plus all nonredundant features from other criteria and non97,90
92,89
91,28
94,51
criteria features
De novo model including: mucosal ulcers, synovitis, serositis, immunologic disorder (modified), ANA,
Lasso-LR
alopecia, neurological disorder, malar/maculopapular rash, SCLE or DLE, leukopenia, thrombocytopenia
98,32
95,02
94,53
95,51
or AIHA, proteinuria, low C3 and C4, interstitial lung disease
1LASSO-LR, Least Absolute Shrinkage and Selection Operator followed by Logistic Regression; RF, Random Forests
2Performance metrics are average values from the 10-fold cross-validation process during model construction in the discovery cohort (401 SLE patients, 401
disease controls); AUC, area under the receiver operating characteristic curve; ACC, accuracy; SENS, sensitivity; SPEC, specificity
RF
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Figure 3.14. A Least Absolute Shrinkage and Selection Operator-logistic regression (LASSO-LR) model
shows high discriminating capacity for SLE against competing rheumatological diseases.
(A) A LASSO-LR model comprising of 14 clinical and serological features showed the highest accuracy for SLE
in the 10-fold cross-validation runs from the discovery cohort. The plot illustrates the features associated with
increased likelihood for SLE as compared with control rheumatological diseases along with the corresponding
effect sizes (OR; 95% CI, p value). All model parameters are treated as dichotomous (ie, present=1, absent=0) in
the LR equation as follows: F(x)=Intercept + (1.80Χmucosal ulcers 1) + (2.96Χsynovitis1) + (1.83Χserositis1) +
(3.66Χimmunologic disorder2) + (4.42Χantinuclear antibodies (ANA)3) + (2.13Χalopecia4) + (2.17Χneurologic
disorder4) + (4.25Χmalar and/or maculopapular rash3) + (2.58Χsubacute cutaneous lupus erythematosus (SCLE)
and/or discoid lupus erythematosus (DLE)3) + (1.82Χleucopenia3) + (6.46Χthrombocytopenia and/or autoimmune
haemolytic anaemia (AIHA)3) + (6.63Χlow C3 and C43) – (1.45Χinterstitial lung disease (ILD)); 1defined according
to the ACR 1997 classification criteria, 2defined according to the ACR 1997 criteria modified to include also positive
anti-β2 glycoprotein IgG or IgM antibodies, 3defined according to the EULAR/ACR 2019 classification criteria,
4defined according to the SLICC 2012 classification criteria. (B) The LASSO-LR model presented in (A) was
further evaluated in an external (validation) cohort of patients with 512 patients with SLE and 143 disease controls.
The graph represents the receiver operating curve with a calculated area under the curve of 0.981 indicating an
excellent capacity of the model to discriminate SLE versus disease controls.
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3.2.4 SLE risk stratification into distinct diagnostic certainty levels using the new LR
model
In order to construct a user-friendly algorithm of our model, that could be used by physicians in clinical
practice, we sought to create a calculator that, according to the features present in an individual,
would provide with different ranges of probabilities which would correspond to varying diagnostic
certainty levels for the diagnosis of SLE. This would resemble the clinical reasoning every physician
goes through when first assessing a patient. Accordingly, we generated SLE risk probabilities ranging
0%–100%, depending on the combination of features/ predictors present, by applying the LR
equation. For this, we calculated the SLE risk probabilities for all patients in the discovery cohort
followed by unsupervised k-means clustering to detect unbiased risk probabilities partitions. Following
merging of the closely related clusters C and D, as shown in Figure 3.15, we obtained four groups of
increasing risk probability bins (0%–14%, 15%–43%, 44%–86%, 87%–100%).
Next, we used the validation cohort to determine the proportion of actual SLE and control patients
captured within each predicted SLE risk group (Figure 3.16). Results were averaged from randomly
generated, non-overlapping patient subsets (seven subsets each containing 73 or 74 patients with
SLE, two subsets containing 71 and 72 disease controls). The high discriminating capacity of the
model was confirmed, as the majority of controls (80%) and patients with SLE (82%) belonged in the
lowest (0%–14%) and highest (87%–100%) risk groups, respectively. Concordantly, accuracy was
highest in the two extreme risk groups but dropped in the intermediate ones. Thus, about 21% and
71% of the validation cohort patients in the 15%–43% and 44%–86% risk groups, respectively, had
clinical SLE (Figure 3.16 A and B). Using the upper limit probabilities of the risk groups as diagnostic
thresholds (>14%, >43%, >86%), the average positive likelihood ratios (LR) for SLE were 5.0, 13.8
and 58.4, respectively, corresponding to moderate, large and very large increases in the likelihood of
SLE (Figure 3.16 C). The >14% threshold had an average negative LR– 0.017, which correspond to
a large decrease when tested negative in the likelihood for SLE. Suggesting that it can be used to
exclude SLE against competing diseases with relatively high certainty. Taken together, we can assign
the groups ‘definitive SLE’, ‘likely SLE’, ‘possible/cannot rule out SLE’ and ‘unlikely SLE’ to our model
probability bins 87%–100%, 44%–86%, 15%–43% and 0%–14%, respectively. To put these data into
clinical context, Figure 3.16 D illustrates matrices of predicted SLE risk probabilities based on
combinations of various features. In each scenario, the calculated probability fits to one of the four
SLE risk groups corresponding to varying diagnostic certainty levels (Unlikely SLE: 0–14%,
Possible/cannot rule out SLE: 15–43%, Likely SLE: 44–86%, Definite SLE: 87–100%).
Next, we examined the criterion validity of our model by determining its predictive ability against
disease-relevant outcomes in the validation SLE cohort. Patients’ risk probabilities correlated
positively with increasing disease severity (p<0.0001), defined based on the BILAG system and organ
damage (p=0.0019), according to the SLICC/ACR Damage Index (SDI) (Figure 3.16 E), reflecting
increased disease burden. Likewise, patients with SLE with low predicted risk probabilities (0%–14%,
15%–43%) had milder forms of the disease due to lower prevalence of British Isles Lupus Assessment
Group (BILAG) A manifestations and organ damage ((A) Bar plot representation of the fraction of SLE
patients and disease controls (validation cohort) according to increasing bins of predicted SLE risk probabilities
(0–14%, 15–43%, 44–86%, 87–100%) calculated by the LASSO-LR model shown in Figure 3.14. Superimposed
are the diagnostic accuracies (blue-colored) corresponding to the rates of correct classification of disease
controls against SLE patients in the lower two probability bins (0–14%, 15–43%), and of SLE patients against
disease controls in the higher two probability bins (44–86%, 87–100%). (B) Bar plot representation of the relative
proportion of SLE and disease controls (validation cohort) within each SLE risk probability bin (0–14%, 15–43%,
44–86%, 87–100%). Calculations were made from the non-overlapping subsets of SLE patients and disease
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controls as outlined in (A). (C) Positive- and negative-likelihood ratios (LRs) (mean, 95% confidence interval)
for the diagnosis of SLE against control diagnoses, according to different SLE risk probability thresholds (>14%,
>43%, >86%) applied to the discovery cohort. Calculations were made from the non-overlapping subsets of
SLE patients and disease controls as outlined in (A). (D) Matrices of SLE risk probabilities based on different
combinations of features included in the LASSO-LR diagnostic model. (E) Dot plot analysis of the modelgenerated SLE risk probabilities according to the severity of disease manifestations (defined based on the
BILAG system) and organ damage (SLICC/ACR Damage Index [SDI]). Data were generated from the validation
cohort SLE patients (n=512) and are presented as mean (95% confidence interval). The Kruskal-Wallis (nonparametric) analysis of variance test was performed and two-tailed p-values are shown.

Figure 3.17 A-B).

Figure
3.15
Unsupervised
clustering
identifies
distinct
partitions of model-predicted SLE
risk probabilities
(A) We used the LASSO-LR model
equation to calculate the predicted
SLE risk probabilities for all patients
in the discovery cohort, followed by
unsupervised k-means clustering to
obtain unbiased risk probabilities
partitions. A total five clusters were
identified
(clusters
A
to
E)
corresponding to distinct ranges of
SLE risk probabilities as shown in the
legend. Clusters C (probabilities 15–
43%) and D (probabilities 44–67%)
were in close proximity. The y axis
shows the centroid value for each of
the 802 patients (plotted on the x axis)
calculated as the sum of the value of
the centroids (or cluster centres) and
the distance from the centroid. (B)
Bar plot of the number of SLE patients
and disease controls (discovery
cohort) that fall within each risk
probability cluster derived from (A).
Clusters C and D capture comparable
numbers of SLE and control patients,
therefore they were merged into a
single cluster.
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Figure 3.16. The LASSO-LR
model can generate SLE risk
probabilities which correspond
to distinct diagnostic certainty
levels and correlate with disease
outcomes
(A) Bar plot representation of the
fraction of SLE patients and
disease controls (validation cohort)
according to increasing bins of
predicted SLE risk probabilities (0–
14%, 15–43%, 44–86%, 87–100%)
calculated by the LASSO-LR
model shown in Figure 3.14.
Superimposed are the diagnostic
accuracies
(blue-colored)
corresponding to the rates of
correct classification of disease
controls against SLE patients in the
lower two probability bins (0–14%,
15–43%), and of SLE patients
against disease controls in the
higher two probability bins (44–
86%, 87–100%). (B) Bar plot
representation of the relative
proportion of SLE and disease
controls (validation cohort) within
each SLE risk probability bin (0–
14%, 15–43%, 44–86%, 87–
100%). Calculations were made
from the non-overlapping subsets
of SLE patients and disease
controls as outlined in (A). (C)
Positive- and negative-likelihood
ratios
(LRs)
(mean,
95%
confidence
interval) for the
diagnosis of SLE against control
diagnoses, according to different
SLE risk probability thresholds
(>14%, >43%, >86%) applied to
the discovery cohort. Calculations
were made from the nonoverlapping subsets of SLE
patients and disease controls as
outlined in (A). (D) Matrices of SLE
risk probabilities based on different
combinations of features included
in the LASSO-LR diagnostic model. (E) Dot plot analysis of the model-generated SLE risk probabilities
according to the severity of disease manifestations (defined based on the BILAG system) and organ damage
(SLICC/ACR Damage Index [SDI]). Data were generated from the validation cohort SLE patients (n=512) and
are presented as mean (95% confidence interval). The Kruskal-Wallis (non-parametric) analysis of variance test
was performed and two-tailed p-values are shown.
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Figure 3.17 Over-representation of higher SLE risk
probability groups within patients with severe
disease or organ damage
(A) Stacked bar plots showing the distribution of
model-predicted SLE risk probability groups (merged
into three categories: 0–43%, 44–86% and 87–100%)
within SLE patients (validation cohort) with or without
severe manifestations (defined as BILAG A) (chisquared test p-value 0.030). (B) Similar analysis within
patients with increasing levels of irreversible organ
damage (SLICC/ACR Damage Index [SDI] 0, 1, 2 and
>2) (chi-squared test p-value 0.048). Results from (A)
and (B) suggest that SLE patients with low predicted
risk probabilities tend to have milder forms of the
disease.

3.2.5 Accuracy of SLERPI in detecting distinct groups of SLE patients
Following the generation of continuous risk prediction model, we sought to translate our algorithm into
binary outcome model (SLE diagnosis is present or absent). The discovery cohort was used for the
unbiased definition of the model probability cut-off to separate SLE cases versus other
rheumatological diseases. Based on the maximal Youden’s statistics, the 50% risk probability
threshold was chosen (Figure 3.18 A-C). At this threshold, the SLERPI demonstrated high sensitivity
(95.1%), specificity (93.7%) and accuracy (94.8%, corrected to 93.9% based on an expected 3:17
ratio of SLE: controls in real-life setting) in the total validation cohort (Figure 3.19 A, Figure 3.20 Α).
As mentioned in the methodology section, cases with a clinical diagnosis of SLE who did not fulfil one
or more of the existing classification criteria, i.e., patients with “incomplete lupus” (ILE), were
considered eligible for inclusion in the SLE cohorts (derivation or validation). A total of n=77 SLE
patients who met 3 of the ACR-1997 criteria, and n=39 SLE patients who met 3 of the SLICC-2012
clinical and/or immunologic were identified. Consistent with its high sensitivity, our logistic regression
model (operated as binary) was able to capture 67/77 (87.0%) and 30/39 (76.9%) of the incomplete
lupus patients, respectively.
On the contrary, patients with undifferentiated connective tissue disease (UCTD) were included in the
disease control cohorts, both in the derivation and the validation datasets. The main characteristics
of this group were: females 93%, ANA+ve 90%, Raynaud’s phenomenon 90%, arthralgias 67%,
fatigue 71% and the average number of ACR-1997 criteria were 2.1. Analysis of the total cohort of
UCTD controls (n=56) revealed that the specificity of the logistic regression model was 91.1%.
We further determined the model discriminative ability in disease subsets of clinical relevance such
as lupus nephritis, NPSLE and severe disease necessitating potent immunosuppressive or biological
treatment. The model yielded very high rates of correct predictions within the aforementioned patient
groups (Figure 3.19 B, Figure 3.20 B and C).
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Furthermore, we tested SLERPI among patients with early disease, as defined by SLE diagnosis
earlier than 36 months (335 patients), which showed higher sensitivity (93.7%) than the ACR-1997,
the SLICC-2012 and the EULAR/ACR-2019 criteria (78.8%, 90.4% and 92.2% respectively). By
stratifying our SLE validation cohort according to SLE onset (≤36 months or later) and organ damage
(SDI=0 or >0), we noted that the sensitivity of our model (operated as binary) did not significantly
differ (Figure 3.20 C). When we further used the 24-months cut-off to define “early SLE” (n = 276
patients) and we have re-run our calculations accordingly we found equal sensitivity of 0.9384 (95%
CI: 0.9032 – 0.9637) in these patients. Similarly, by stratifying our SLE validation cohort according to
SLE onset, by using this time the cut-off of 24 months and organ damage (SDI=0 or >0), we noted
that the sensitivity of our model (operated as binary) was not significantly altered (Figure 3.20 B).
Finally, to facilitate its implementation in daily practice, we converted our model into a simple scoring
system (table 3.2.1.). The scoring system-generated SLE probabilities showed high correlation with
the risk probabilities produced by the original LR model (r2 0.996) in the validation cohort. When
operated at a threshold of >7 (out of maximum score 30.5), the sensitivity, specificity and accuracy
were estimated at 94.2%, 94.4% and 94.2%, respectively, suggesting comparable performance with
the original model.
Figure 3.18 Definition of the predicted SLE
risk probability threshold for conversion of
the LASSO-LR model into binary output
model (SLE, not-SLE)
(A) ROC analysis (plot of sensitivity versus 1specificity for the diagnosis of SLE against
competing rheumatologic diseases in the
discovery cohort) according to increasing
thresholds of model-predicted SLE risk
probabilities. The ≥50% probability threshold
showed maximal Youden’s index (combination of
sensitivity and specificity). (B) Interposing
sensitivity and specificity curves according to
increasing SLE risk probability thresholds
(discovery cohort). Dashed vertical line indicates
the ≥50% probability threshold. (C) Dot plot
analysis of the model-predicted SLE risk
probabilities in SLE patients (n=401) and disease
controls (n=401) of the discovery cohort. Dashed
horizontal line indicates the ≥50% probability
threshold displaying a high discriminating
capacity.
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Figure 3.19 The new diagnostic model has high accuracy for systemic lupus erythematosus (SLE)
including early and severe disease requiring immunosuppressive or biologic treatment.
(A) Confusion matrix of the actual versus predicted cases of patients with SLE (n=512) and disease controls
(n=143) in the validation cohort. The LASSO-LR diagnostic model was operated as binary (SLE or not-SLE) by
setting the SLE risk probability threshold at ≥50%. Based on the number of true-positive, true-negative, falsepositive and false-negative cases, sensitivity, specificity, accuracy, positive- and negative-likelihood ratios are
estimated as metrics of the model diagnostic performance. (B) Sensitivity of the LASSO-LR model (operated
as binary) for the detection of clinically relevant subsets of SLE including early disease, lupus nephritis,
neuropsychiatric lupus, haematological lupus and severe lupus requiring potent immunosuppressive and/or
biologic treatment.

Figure 3.20 Comparative performance analysis of the SLERPI model for SLE diagnosis and the ACR
1997, SLICC 2012 and EULAR/ACR 2019 criteria for SLE classification.
(Α) Bar plots demonstrating the sensitivity, specificity and accuracy of the SLERPI LASSO-LR model for the
diagnosis of SLE (n=512) as compared to control diseases (n=143) in the validation cohort. The respective
metrics are also shown for the three classification criteria (ACR 1997, SLICC 2012, EULAR/ACR 2019) in the
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same cohort. (Β) Sensitivity of the SLERPI model (operated as binary) in subgroups of the validation SLE patient
cohort defined according to disease duration and presence of organ damage. Across groups comparisons
revealed no statistically significant variation. Numbers insides boxes represent the number of patients in each
group. Patients with disease duration ≤24 months=276; patients with disease duration ≤36 months=335.

3.3

Sensitivity of criteria in a preclinical cohort followed prospectively

3.3.1 Characteristics of cases
A total of 195 cases who met our inclusion criteria for enrolment in the preclinical cohort were seen
at initial consultation from 1/2017 to 1/2020. Of these, one participant was excluded because of a
younger age than 15 years at enrolment, 59 participants had follow-up visit less than 6 months and
were thus excluded from these preliminary analyses and 8 were lost to follow-up (Figure 3.21). Of
the 127 participants who were eventually included, 119 (93.7%) were female; the mean age at initial
consultation was 38.2 (s=11.2) years; all participants were Caucasian (Table 1). The majority (60.6%)
belonged to Group B, i.e., participants with low-titre ANA (≥1:80 by IIF) PLUS ≥ 2 additional features
(serological or clinical) and had a median ACR 1997 criteria score of 2.0 (IQR=1.0) and a mean score
of 2.4 (s=0.9) at enrolment.
A positive ANA was found in 75.6% of study participants at the time of the first visit. One third (33.1%)
reported photosensitivity at the initial consultation, 29.1% had malar rash, 40.1% had synovitis and
29.1% described Raynaud’s phenomenon. None had biopsy-proven lupus nephritis. Only 2 patients
(1.6%) had a discoid lupus rash at their initial consultation. Concerning immunological tests, 30.7%
had low complement C3 and 23.6% had low complement C4 levels, 11.8% had high titres of antiCardiolipin antibodies (aCL) IgG, 7.9% had high aCL IgM and 7.1% had a positive anti-dsDNA
antibody at enrolment.
Since this part of the study is still ongoing, follow-up is short (median=12.33 months, IQR=10.7;
mean=14.3 months, s=7.6; 1816 person-months). So far, 11 participants have transitioned to SLE
and 10 participants to other diagnoses. Among the 10 patients who were diagnosed with alternative
diagnoses, four patients were diagnosed with rheumatoid arthritis, four with primary APS, 1 with
Sjogren’s syndrome and 1 with spondylarthritis.

3.3.2 Characteristics of cases who transitioned to SLE
All cases who later transitioned to SLE (n=11) or other diagnosis (n=10) had been ANA positive since
enrolment. The most frequent manifestations at baseline among those cases who transitioned to SLE
were low C3 (54.5%), low C4 (45.5%), malar rash (36.4%), photosensitivity (36.4%) and Raynaud’s
phenomenon (36.4%). Curiously, only one participant had arthritis at first evaluation, versus 90% of
those who transitioned to alternative diagnoses (table).
Among cases who have transitioned to SLE, all are females, 7 belonged to group B at enrolment, i.e.,
participants with low-titre ANA (≥1:80 by IIF) PLUS ≥ 2 additional features (serological or clinical) and
4 to group A, i.e., particiants with high-titre ANA (≥ 1:640 by IIF) PLUS ≥ 1 additional feature
(serological or clinical). Seven participants had a history of smoking, of whom four are still smokers.
The most common subsequent clinical event developed in these patients was arthritis (8 participants)
a low complement C3 level (4 participants) and mucosal ulcers (3 participants). Two patients
developed pleuritis and two Raynaud’s phenomenon during follow-up. Interestingly, four patients
developed neuropsychiatric symptoms, of which, two suffered from cranial neuropathy and Guillenbarre syndrome, one from autonomous neuropathy and one from sensorineural hearing loss. One
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patient who had only immunological features at enrolment (positive ANA 1:640, low C3 levels and
positive anti-dsDNA), subsequently developed fever, ACLE, autoimmune haemolytic anaemia,
neutropenia, thrombocytopenia, myocarditis, serositis, lymphadenopathy and autoimmune hepatitis.

Figure 3.21 Flow diagram of preclinical cases selection with diagnosis during 1/2017-1/2020 from the

University Hospital of Heraklion

3.3.3 Performance of the SLE classification criteria
At the time of initial evaluation, among all participants (n=127) 11 (8.7%) fulfilled the ACR 1997
criteria, 29 (22.8%) the SLICC 2012 criteria and 17 (13.4%) the EULAR/ACR 2019 criteria. At last
follow-up, these percentages increased to18.9%, 26.8% and 27.6% respectively. Interestingly, among
those patients who transitioned to SLE, only one (9.1%) patient fulfilled the ACR 1997 criteria at
enrolment, 6 (54.5%) patients fulfilled the SLICC 2012 criteria and 2 (18.2%) patients fulfilled the
EULAR/ACR 2019 criteria. At the time of SLE diagnosis by the physician, 5 (45.5%) patients were
classified by the ACR 1997, 10 (90.9%) by the SLICC 2012 and 10 (90.9%) by the EULAR/ACR 2019
criteria. Among those patients who were diagnosed with alternative diseases 1 (10%) patient was
misclassified as SLE by the ACR 1997 criteria, 2 (20%) by the SLICC 2012 criteria and 4 (40%) by
the EULAR/ACR 2019 criteria at enrolment, while at last follow-up the respective numbers were 1
(10%), 3 (30%) and 5 (50%) (Table 3.15).

3.3.4 Performance of SLERPI in the preclinical cohort
In total, 36 patients had a SLERPI score >7 at enrolment, which rose to 57 at last follow-up. Among
those patients who developed SLE (n=11), 4/11 had a SLERPI score >7 at enrolment and 10/11 at
last follow-up. Among patients who were diagnosed with alternative diagnoses (n=10), 6/10 patients
and 8/10 patients had a SLERPI score>7 at enrolment, and at last follow-up respectively (Table 3.16).
High SLERPI scores among patients with alternative diagnoses were due to the presence of ANA
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positivity, antiphospholipid antibodies, arthritis and malar rash. Four patients who were finally
diagnosed as RA were seronegative (RF and anti-CCP negative), thus attribution of synovitis to
another, more likely than SLE diagnosis was difficult at first evaluation. However, if synovitis is not
scored at last follow-up, when the alternative diagnosis is established by the physician, allowing the
correct attribution of arthritis to either RA or spondylarthritis, 3 more patients will not score more than
7. Thus, at last follow-up the number of misclassifications according to SLERPI is 5 out of 10 patients
with alternative diagnoses.

Table 3.15 Performance of the three SLE classification criteria among cases who transitioned
to SLE, to other diagnoses or remained preclinical, both at enrolment and last follow-up
Transitioned to SLE
(sensitivity)

Transitioned to
other diagnosis

Did not
transition

TOTAL

Classified by ACR-1997

1 (9.1%)

1

9

11

Classified by SLICC-2012

6 (54.5%)

2

21

29

Classified by EULAR/ACR-2019

2 (18.2%)

4

11

17

Classified by ACR-1997

5 (45.5%)

1

18

24

Classified by SLICC-2012

10 (90.9%)

3

22

35

Classified by EULAR/ACR-2019

10 (90.9%)

5

20

35

11

10

106

At enrollment

At last follow-up

TOTAL

Table 3.16 Performance of SLERPI at enrolment and last follow-up among cases who
transitioned to SLE, to other diagnoses or remained preclinical
Transitioned to
SLE (sensitivity)

Transitioned to
other diagnosis

Did not transition

TOTAL

SLERPI >7

4

6

26

36

SLERPI ≤7

7

4

80

91

SLERPI >7

10

8

39

57

SLERPI ≤7

1

2

67

70

TOTAL

11

10

106

127

At enrolment

At last follow-up
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4.

Discussion

4.1

Evaluation of the existing SLE classification criteria

In the present study our first goal was to evaluate the performance of the recently introduced
EULAR/ACR-2019 criteria and the previous criteria sets and compare them to physician-based
diagnosis in the real-life clinical setting of two Greek patient cohorts. Our primary interest was to focus
on the diagnostic and prognostic implications of classifying patients by each of the three sets of
criteria.

4.1.1 Sensitivity of SLE classification criteria
Previous studies comparing the two most popular classification criteria (ACR-1997 and SLICC-2012)
have reported increased sensitivity of the SLICC criteria with comparable or lower specificity than the
ACR criteria (146,156,201,215,216). Our results showed that the SLICC-2012 and the EULAR/ACR2019 criteria have higher sensitivity than the ACR-1997 with the new EULAR/ACR exhibiting the
highest specificity. The superior performance of the most recent two sets (SLICC and EULAR/ACR)
was more pronounced within patients with early disease, which agrees with published results
comparing the SLICC against the ACR criteria (156). This was further corroborated by our time-toclassification analysis showing earlier classification with the EULAR/ACR and SLICC criteria.
However, despite their improved sensitivity, classification is still missed or delayed in a number of
patients, including those with severe disease. Importantly, among patients with major organ
involvement, we noted delay between physician diagnosis and classification, which was more
prominent in patients with neurological disease. Likewise, overall sensitivity of all three classification
criteria was lower for this group of patients.
Delays in classification of patients with neurological manifestations may result from the lack of
diagnostic gold standard for NPSLE syndromes (209,217), which represents a diagnostic challenge.
Attribution of NP manifestations to SLE is achieved after exclusion of secondary causes (infection,
malignancy, drug toxicity, etc.) usually by performing extensive work-up, involving
neurological/psychiatric evaluation, cerebrospinal fluid analysis, electroencephalogram and
neuroimaging (209), including advanced neuroimaging modalities (189). By combining NP work-up
results with clinical information and serological results, the patient’s manifestations can be associated
with active NPSLE rather than other causes (209,217). Nevertheless, this process may be timeconsuming and in the absence of coexisting SLE specific manifestations, diagnosis may be missed
even by experienced physicians.

4.1.2 The effect of time on criteria accuracy
Accuracy in all classification criteria is affected by time, which can be explained by the asynchronous
appearance of manifestations in SLE patients over the course of the disease. The consequent
accumulation of the number of items/ manifestations over time results in the classification of more
patients as time passes, which explains the lower sensitivity of classification criteria that was found at
the time of disease diagnosis by a physician. Observational studies have reported that the majority of
patients do not present with severe organ involvement at disease onset but later (16). As a
consequence, delays in classification will occur even among those patients who will develop severe
organ disease during their disease course.
This phenomenon is less prominent in the new EULAR/ACR-2019 criteria, since SLE manifestations
are clustered in domains where only the highest weighted item is calculated in the total score for
classification. As a consequence, the accumulation of criteria within the same domain will not always
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result in an increase of the total EULAR/ACR-2019 score. For example, a patient who presents with
malar rash will score 6 points from this item according to the EULAR/ACR-2019 criteria. If this patient
later complains of recurrent mucosal ulcers, the item “mucosal ulcers” will not add additional points to
the total score of the EULAR/ACR-2019 criteria, because it returns a lower score in the
mucocutaneous domain, where it is clustered with all cutaneous manifestations. On the contrary, the
item “mucosal ulcers” will add an extra point in both the ACR-1997 and the SLICC-2012 criteria.
On the other hand, some patients will never develop manifestations from different organs during the
course of their disease. It has long been recognized that some lupus patients may present with organdominant/ limited disease particularly involving the nervous system, kidneys or blood (56,218), and
before sufficient number of criteria accrue to meet classification. In recognition of this, the SLICC first
introduced the renal “stand-alone” criterion for classifying renal-dominant lupus (163), and the
EULAR/ACR have introduced higher-weighted items to enable classification with fewer number of
afflicted organs (219). To this end, the EULAR/ACR-2019 criteria enabled earlier classification of
neurological SLE as compared to the other criteria (Figure 3.7), which represents a step forward this
unmet need.

4.1.3 Specificity of criteria
In our study, the new EULAR/ACR-2019 criteria showed increased specificity compared to the SLICC2012 and ACR-1997 criteria. These results reflect the meticulous criteria attribution process we
followed when applying the EULAR/ACR-2019 criteria in our cohort, which has been clearly
emphasized by Aringer et al. and accounts for the enhanced ability of the new criteria to distinguish
between SLE and mimicking situations (200,219). According to this attribution rule, items should not
be counted for SLE if there is a more likely alternative explanation, such as another autoimmune
disease, infection, malignancy or drug side-effect. For example, arthritis in the presence of positive
anti-citrullinated protein antibodies (ACPA), which are highly specific for RA, should not be attributed
to SLE, since it is more likely due to the presence of RA. Similarly, fever and proteinuria in the context
of an infection, should not be counted to the total score of the EULAR/ACR-2019 criteria.
This single rule, unique among existing SLE classification criteria, has replaced the addition of
exclusion criteria for individual items, which have been used in other classification criteria algorithms
of complex diseases (220), and requires both clinical understanding and diligence. Incorrect
attribution of manifestations to SLE is a common reason for suboptimal specificity in applying the
EULAR/ACR-2019 criteria (221), which inevitably leads to underestimating specificity when the new
SLE classification criteria are applied (222).

4.1.4 ANA negative patients
As explained in the methodology section, ANA testing (and accordingly, known ANA status) was
prerequisite for inclusion of SLE patients and disease controls in all parts of this dissertation. The
decision for this was based on the central role of ANA in the classification of SLE, particularly the fact
that it serves as an entry criterion in the EULAR/ACR-2019 criteria (17). Nonetheless, ANA testing is
included in the standard diagnostic work-up of patients who present with rheumatologic
manifestations (223).
In our study, the proportion of SLE patients with negative ANA at last observation (median 48 months)
was 6.4% (n=44). Due to high clinical suspicion for SLE, the majority of these patients (39 out of 44)
had been repeatedly tested for ANA. Specifically, patients with negative ANA but moderate/high
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suspicion for SLE are re-tested (at least once) in the central hospital laboratories of the two
participating centers. In our settings, ANA is assayed by standard indirect immunofluorescence (on
Hep-2 substrate) with a cut-off of 1:80 to determine low-positive result. At early stages of the disease
(i.e., at the time of physician-based diagnosis extended by three months), the frequency of negative
ANA test was 13.0%, suggesting that more than half of patients who initially tested negative for ANA
became “seropositive” later during the disease course. Within patients with severe organ involvement
(hematological, neurological, renal domains), the respective rate was lower (10.8%, reduced to 4.9%
during follow-up). Nevertheless, although ANA negative patients developed milder, mostly
mucocutaneous symptoms, four patients in our cohort had biopsy-proven lupus nephritis, and four
patients developed neurologic manifestations (Table 3.9). Cases of ANA negative SLE patients with
severe manifestations, including LN, which would have been missed by the new classification criteria,
have been repeatedly reported in the literature (224,225) and represent a typical example of situations
when physicians should not rely on classification criteria to provide patients with appropriate
treatment.
A recent meta-analysis of epidemiologic studies including SLE cases of variable disease duration,
ethnic background and clinical features, reported an average frequency of positive ANA (at 1:80 titer)
of 97.8% (95% confidence interval ranging 96.8% to 98.5%) (164). Our ANA positive rate (93.6%),
which is lower than these estimates, yet similar to the ANA frequency in a contemporary international
SLE cohort (92.3%) (226), might be explained by the characteristics of our patient cohort such as the
short disease duration, white/Caucasian ethnicity and older age of onset (median 42 years). Indeed,
the latter two are associated with increased frequency of negative ANA among SLE patients (226). In
line with this, the frequency of ANA in the “Euro-Lupus” Caucasian cohort (n=1,000 patients) was
96.0% (227).
Within ANA-positive patients (n=646), our sensitivity of the EULAR/ ACR-2019 criteria was higher
(94.6%) and similar to the SLICC criteria (94.7%) (Table 3.8), which agrees with the results from the
EULAR/ACR validation cohort (200), where the EULAR/ACR-2019 and SLICC-2012 criteria showed
comparable sensitivity (96.7% versus 96.12%), higher than the ACR-1997 (82.8%). A separate
analysis within the ANA-positive subgroup of disease controls showed increased specificity of the
EULAR/ACR-2019 criteria as compared to the ACR-1997 and SLICC-2012 criteria, similar to the
results in the total cohort of disease controls.

4.1.5 Modified classification criteria
The three sets of criteria vary in the number and diversity of included manifestations, their definition,
weighing score and the algorithms to qualify for classification. Only 76.7% of patients with SLE met
all three criteria and likewise, the combination of all three criteria enabled maximum capture of
patients. This prompted us to compare patients who were missed by each of the three criteria and
significant differences were noted in prevalence of individual features especially from the
mucocutaneous, musculoskeletal, hematological and immunological domains (Table 3.6), suggesting
that criteria classify non-overlapping patient groups. As a result, the combinatory use of all criteria
may ensure maximum capture of SLE patients with diverse presentations. This might have
implications in clinical trial design as it is possible that different manifestations may respond differently
to therapeutic agents.
As mentioned above, and in agreement with previous reports (215), we noted that at the time of
clinical diagnosis, the sensitivity of all criteria was modest. Detailed analysis revealed that physicians
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often relied on only a few features to secure diagnosis at early stages. This prompted us to devise
‘lower threshold’ for the EULAR/ACR-2019 and SLICC-2012 classification algorithms by introducing
alternative ‘entry criterion’ in the case that ANA test is negative, and/or allowing the classification of
patients with fewer criteria from multiple organs. The new algorithms exhibited enhanced sensitivity
with modest decreases in specificity for classifying SLE both at early stage and later during the
disease course. Importantly, patients who were missed by the modified criteria exhibited lower rates
of severe disease and irreversible organ damage. These findings raise the possibility that
modifications of the classification algorithms could be exploited as putative tools in clinical practice.
Pending verification, classification criteria can only aid in the diagnosis of SLE and judgement by an
experienced SLE specialist is typically required.

4.1.6 Study limitations
We are aware of the limitations derived from the retrospective design of our study and the fact that all
data was collected from studying medical records. More specifically, the date at which each
manifestation had occurred was based on the date it was documented in the medical chart. Since this
information was not obtained with the solely purpose of assessing classification criteria sensitivities,
it may not have the precision required for such a study. Nonetheless, both centres maintain detailed
patient registries and use structured forms for collecting clinical data, which helps to reduce possible
information/data completeness bias. The lack of objective diagnosis as the standard of reference, as
it was based on the documentation of SLE diagnosis by an expert rheumatologist’s opinion, could
also lead to inconsistency. However, this allows evaluation of classification criteria in a real-world
setting.
Furthermore, not all immunological tests had been performed in all patients and certainly, some
patients with control diseases had not been tested for specific autoantibodies. On the other hand, this
provides a more realistic evaluation of the function of classification criteria in clinical practice.
Common immunological tests such as ANA and serum complements are performed in all patients
presenting with rheumatologic symptoms. Indeed, ANA testing was prerequisite for inclusion in the
study of both SLE cases and disease controls, considering the central role of ANA in SLE
classification. Testing for other autoantibodies including anti-dsDNA, anti-Sm, and antiphospholipid
antibodies is performed in patients with features suggestive of connective tissue disease (including
SLE). Particularly for Coombs test, this was not routinely performed as part of the diagnostic work-up
for possible SLE (or other rheumatologic disease) before 2012 (the year of publication of the SLICC
classification criteria), unless there was suspicion for autoimmune haemolysis. This might have
resulted in underestimation of its prevalence in SLE patients and/or disease controls and,
consequently, of the sensitivity/specificity of SLICC. Nevertheless, and in agreement with other
studies (156), the frequency of positive Coombs test in our SLE sample was relatively low (5.1%).
Besides, by analysing patients diagnosed since 2012 (n=354 SLE, n=202 controls), we obtained
comparable results with those in the total cohort (SLICC-2012 sensitivity: 92.7%, specificity: 93.2%).
Another point to consider, was the use of the BILAG nomenclature to characterize disease severity
as mild, moderate or severe. The BILAG instrument is not performed as part of routine clinical practice
in neither of the two participating centers. In the context of this work, we took advantage of the
structured, detailed medical records that exist in both centers, which were retrospectively scrutinized
to detect incident activity (experienced during the disease course) from the individual organs/domains
according to the BILAG nomenclature. Active manifestations classified as “BILAG A” were assigned
as severe (examples: lupus rash and/or skin vasculitis involving >18% of body surface area; severe
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pleural effusion with hypoxemia; thrombocytopenia with <20,000 platelets/μl), manifestations
classified as “BILAG B” were assigned as moderate (examples: lupus rash and/or skin vasculitis
involving 9–18% of body surface area; moderate pleural effusion without hypoxemia;
thrombocytopenia with 20,000–50,000 platelets/μl). Mild disease included less severe manifestations
(examples: polyarthritis not restricting mobility and not affecting large joints; hair loss without
excessive alopecia and without scalp skin inflammation; thrombocytopenia >50,000/μL). As expected,
patients could have suffered active manifestations of varying severity from more than one organs/
domain. In addition, treatment with immunosuppressive and/or biologic therapies (due to active lupus)
was captured from all patients. From each patient, all aforementioned data were recorded in a
structured sheet and were collectively evaluated by experienced Rheumatologists who provided their
overall assessment of disease severity (i.e., mild, moderate or severe physician global assessment
of SLE severity) (see Appendix Table 6.3).
It is true that some clinical information may have been missed or underestimated due to the
retrospective assessment of disease severity. Nevertheless, by using the same methodology, we and
others have previously shown strong correlation between the abovementioned BILAG-defined
disease severity with the simplified “Lupus Severity Index” (214,228) and with organ damage (SDI)
(214). Finally, our study included almost exclusively Caucasian patients and does not guarantee
comparable performance of classification criteria in other ethnic groups or in paediatric cases.

4.1.7 Evaluation of the new EULAR/ACR-2019 criteria in other cohorts
The new EULAR/ACR-2019 criteria performed well in the initial derivative and validation cohorts (17).
As this dissertation progressed, the new classification criteria had been evaluated in a number of
cohorts of SLE patients of variable disease duration, ethnicity and demographic background (229).
In an independent, multi-national cohort, the EULAR/ACR-2019 classification criteria did not perform
significantly better than the ACR-1997 and SLICC-2012 classification criteria (230). In the same study,
modification of the SLICC-2012 algorithm by including different weighting of the items did not
significantly enhance their performance. Based on these results, the authors concluded that any of
the three sets of criteria could be used for classification purposes. Similarly, the EULAR/ACR-2019
showed comparable accuracy to the SLICC-2012 criteria in a Scandinavian study population (231),
while a cohort comprising of predominantly Asian SLE patients with long disease duration (mean 10
years) found lower sensitivity of the new EULAR/ACR-2019 compared to the ACR-1997 and the
SLICC-2012 criteria. In the latter study, sensitivity of the new criteria raised significantly when allowing
a lower threshold for ANA positivity (≥1:40) (232).
Among patients with available renal biopsy in an Asian population, the EULAR/ACR-2019 criteria
missed 5% of SLE patients due to the requirement of positive ANA (233). Interestingly, higher
EULAR/ACR-2019 scores correlated positively with proliferative disease and disease activity in this
cohort. In another cohort of referred patients with suspected SLE and neuropsychiatric symptoms,
sensitivity of all three criteria was comparable, while specificity for the EULAR/ACR-2019 criteria was
suboptimal (234). Investigators suggested that the addition of NP syndromes encountered in SLE (for
example, mood disorders, myelopathy, etc.) in the neuropsychiatric domain would enhance the new
criteria’s diagnostic accuracy.
Some investigators explored the ability of the new criteria to discriminate between SLE and specific
SLE-mimickers. For example, a French study reported that the new criteria are useful in the
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discrimination between SLE patients and patients with Sjogren’s syndrome (SS), while they allow the
classification of overlap SLE/SS syndrome (235). Another study compared the three sets of criteria
for their ability to distinguish between SLE cases and patients with cutaneous lupus (CLE) (235). They
discovered that the SLICC-2012 criteria performed best in this regard, while the EULAR/ACR-2019
was not as effective in distinguishing early developed SLE from patients with CLE. Contrariwise, StecPolak et al. demonstrated higher specificity for the EULAR/ACR-2019 criteria, when compared to the
SLICC-2012 and ACR-1997, which did not differ significantly after follow-up of a cohort of 184 CLE
patients (236). In this study, patients with CLE who met any of the SLE criteria had low risk of serious
interior organ involvement. Another retrospective study reported that the new EULAR/ACR-2019
criteria are 100% sensitive in identifying SLE patients among those admitted for pericardial effusion
(237). Nevertheless, specificity in this group of patients was relatively low (84%), although incorrect
attribution of manifestations to SLE and reliance on non-specific serological tests may have played a
role in misclassifying some of the patients who were finally diagnosed with other diseases (222).
When the EULAR/ACR-2019 and the SLICC-2012 criteria were applied to a group of patients with a
clinical diagnosis of undifferentiated connective tissue disease (UCTD), 14% and 20.2% of the cases
were classified as SLE by the SLICC-2012 and the EULAR/ACR-2019 criteria respectively (238),
although the authors did not examine the prognostic implication of those patients who were classified
as SLE.
Another important question which was also raised during this dissertation, is whether the new criteria
are able to classify SLE patients earlier than the previous sets of criteria. In a large, multi-ethnic Latin
American lupus cohort, the GLADEL cohort (239), the investigators reported that the EULAR/ACR2019 criteria indeed enable an earlier classification of SLE in 7.4% (mean 0.67 years) of patients
compared with the ACR-1997 but only in 0.6% (mean 1.47 years) of patients compared with the
SLICC-2012 criteria (239). Mestizo patients tended to classify earlier and Caucasian later. Patients
whose classification was delayed by the ACR-1997, compared with the EULAR/ACR-2019 criteria
had lower frequency of mild mucocutaneous manifestations and higher frequency of anti-dsDNA
antibodies. The same attempt in another cohort comprising of SLE patients belonging to ethnic
minorities in the United States of America, the LUMINA cohort (240), showed that the new criteria
enabled earlier classification in 13.3% (mean 0.66 years) and 15.3% (mean 0.63 years) of patients
compared to the ACR-1997 and the SLICC-2012 criteria, respectively (241). Again, those who
classified with the EULAR/ACR-2019 later were more likely to be Caucasians and had milder disease
at onset. However, in both the GLADEL and the LUMINA cohorts, an important proportion of patients
fulfilled the new criteria at a later stage than with the ACR-1997 (34.4% and 24.7% respectively) or
the SLICC-2012 criteria (28.6% and 12.8% respectively). Altogether, both cohorts found that the
EULAR/ACR-2019 criteria delayed in classifying the majority of patients, but those who were
classified later with the new criteria had milder disease. In line with this, others reported that patients
missed by the EULAR/ACR-2019 criteria have milder disease (242), while higher total scores at
diagnosis are associated with higher risk of developing organ damage, particularly renal damage
(243–245). Finally, Duarte-García et al., estimated the time-to-classification from the first documented
lupus-attributable disease manifestation to the time of criteria fulfilment by each of the three
definitions. The EULAR/ACR-2019 criteria classified patients earlier that the ACR-1997 criteria but
similar to the SLICC criteria. Nevertheless, all three criteria classified SLE patients after more than 2
years since the appearance of the first SLE manifestation in this study (246).
In response to the above studies, a large, multicentre study involving twenty-one SLE expert centres
from 16 countries recently evaluated the sensitivity and specificity of the EULAR/ACR-2019
classification criteria in early disease, across sexes and ethnicities (244). The EULAR/ACR-2019
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criteria showed strong operating characteristics (sensitivity and specificity) across subsets of patients
with SLE, specifically among male and female, white, black, Hispanic and Asian patients. Importantly,
the new criteria performed well among patients with early disease, including different definitions of
the term “early” (less than 1 year, between 1-3 years and between 3-5 years).
Our study included exclusively Caucasians with average disease duration <5 years, which is lower
than other studies (148), and may in part explain differences between our results with those in other
cohorts. Other factors such as the demographic background of patients, the selection of disease
controls groups and the “gold standard” for SLE diagnosis may have affected our results. Overall, our
results concord with the fact that the new criteria provide added value compared to the previous sets
of SLE classification.

4.1.8 Childhood-onset SLE
Although 10-20% of all SLE cases have their onset before the age of 16 (247), the development of
classification criteria was primarily based on adult patient populations. Since classification criteria
specific for pediatric SLE are currently missing, the existing sets have been applied in childhood-onset
SLE populations in order to test their validity in this group of patients.
Similar to adult populations, the SLICC-2012 criteria have demonstrated high sensitivity for juvenile
SLE (jSLE), as compared to the ACR criteria both overall (248) and at early stages of the disease
(249). Specifically, a recent meta-analysis of four studies including juvenile SLE and controls, showed
very high sensitivity of the SLICC-2012 criteria as compared to the ACR-1997 (99.9% vs. 84.3%) as
well as earlier classification with the SLICC-2012 (248). However, the much lower specificity
demonstrated by the SLICC-2012 criteria (82.0% vs. 94.1%), prompted the authors to suggest the
use of the ACR-1997 as being more appropriate in childhood populations (248), in order to avoid
misclassifications and unnecessary therapies.
So far, a few studies have already included the new EULAR/ACR-2019 in comparative analyses of
criteria. Alike results retrieved from studies including adult populations, the EULAR/ACR-2019 criteria
have demonstrated higher sensitivity than the ACR-1997 in most studies that included childhoodonset SLE patients (250), and comparable or higher sensitivity than the SLICC-2012 (251–255).
However, Smith and colleagues reported non-superiority of the EULAR/ACR-2019 criteria compared
to the ACR-1997 and SLICC-2012 criteria in a cohort of 482 patients, which was mainly attributed to
the variation in ANA positivity across ages (256). The authors give attention to the fact that ANA
positivity may not appear first but rather later after organs have been involved and as such the new
criteria have to be considered with scepticism for their application in children. Accordingly, in the
“unselected” cohort of ANA positive patients, the EULAR/ACR-2019 criteria produced the highest
false positive classification (6/129, 5%) (256). Similar to our results, patients missed by the
EULAR/ACR criteria had frequently hematologic involvement, while among patients missed by the
SLICC-2012 criteria, joint involvement was prominent (255).
On the contrary, specificity of the new criteria was found lower in most studies (250), leading to the
suggestion of selecting a higher cut-off score for the EULAR/ACR criteria in order to achieve higher
specificity (250), positive predictive value, and accuracy (254). However, there is doubt on the correct
use of the EULAR/ACR-2019 classification criteria attribution rule in these studies, which would
explain some of the discrepancies between specificities of the new criteria found in the analyzed
cohorts and the EULAR/ACR SLE criteria validation cohort (257). Notwithstanding, all studies have
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indicated a tendency for lower overall performance of the SLE classification criteria, especially the
ACR-1997 and EULAR/ACR-2019, in juvenile SLE patients with early disease (253,258), although
there is scantiness of direct adult-pediatric comparative analyses (258).
A recent study including 670 childhood-onset SLE patients showed an association between scoring
renal or neuropsychiatric domains of the new criteria and renal or neuropsychiatric damage. In line
with studies including adult populations (243–245), the EULAR/ACR-2019 criteria total score at
diagnosis correlated positively with the possibility of early damage. Notably, damage was particularly
associated with total EULAR/ACR-2019 score >25 (259).
To sum up, paediatric rheumatologists should be included in the consensus and evaluation committee
members of the development of classification criteria if these are meant for use in paediatric patients
as well.

4.2

Development of the SLE Risk Probability Index (SLERPI)

In view of their vast heterogeneity, establishing classification criteria for rheumatologic diseases is
demanding, while the lack of gold standards renders the development of diagnostic criteria even more
challenging. Particularly in SLE, several factors pose great challenges and clinical implications for the
development and validation of diagnostic criteria. In this part of the dissertation, we applied Machine
Learning techniques to ameliorate the performance of existing classification criteria, by combining
items and adding features in order to reach the best diagnostic accuracy possible. Next, we developed
and validated a simple, clinically applicable model to assist SLE diagnosis through ML training of wellcharacterised data from two large discovery and validation patient cohorts.

4.2.1 Modification of classification criteria using Machine learning techniques
By scrutinizing medical charts of all study participants additional manifestations that are not included
in the existing classification criteria sets (non-criteria items) were detected and analysed in order to
determine the association of each individual feature with SLE. The modification of the EULAR/ACR2019 criteria after including the antinuclear antibodies (ANA) as a separate item (treated as additional
feature rather than as entry criterion) was also examined. These modifications showed increased
accuracy for SLE (by 0.38%–3.11% in the 10-fold CV runs) over the original versions of the criteria
(Table 3.14). The greatest improvement was observed for ACR 1997-based models where LASSO
feature selection identified alopecia, hypocomplementemia, maculopapular rash and interstitial lung
disease (ILD) as additional predictors for SLE (Model M8, Table 3.14). Modelling the EULAR/ACR2019 classification score together with the ANA as a separate item, ILD and livedo reticularis showed
also enhanced diagnostic performance (Model M25). These results suggest that certain modifications
that could improve—albeit modestly—the accuracy of the classification criteria for SLE.

4.2.2 The development of a machine learning-based prediction model for SLE
The best model developed with LASSO-LR (M31), named “SLE risk probability index” (SLERPI),
comprises of 14 classical, variably weighted features, which enable continuous risk prediction for
clinical SLE. This continuum of probability rates for the diagnosis of SLE, resembles the clinical
reasoning process a clinician gets into when first assessing a patient. Based on the history of clinical
and/or laboratory manifestations, physicians can elicit the diagnosis of SLE, even in the presence of
a few high-yield symptoms such as typical malar rash in an individual with anti-dsDNA autoantibodies
(56,136). Such decisions reflect a form of human intelligence that develops through clinical experience
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even with a limited number of patients. Conversely, computational intelligence tools require training
on large comprehensive data sets to produce valid results (260). We used a discovery sample of wellcharacterised SLE and control patients for unbiased selection of features that contribute most to
clinical SLE diagnosis. Patients with SLE with relatively early disease (median duration 4.2 years) and
irrespective of the severity of manifestations were included, as compared with developing
classification criteria, which typically rely on cases with long-standing disease.
As expected, thrombocytopenia/ autoimmune haemolytic anaemia (AIHA), malar rash, proteinuria,
ANA, immunological disorder (anti-dsDNA, anti-Sm, anti-phospholipid antibodies), and combined C3
and C4 hypocomplementemia were the strongest predictors for distinguishing between SLE and
control patients and contributed most to clinical SLE diagnosis. Subacute cutaneous or discoid lupus
erythematosus, alopecia, mucosal ulcers, arthritis, serositis, leukopenia <4000/μL and neurological
disorders were less strongly predictive for SLE, while the existence of interstitial lung disease was
predictive against SLE diagnosis. These results accord with the variably-weighted items introduced
in the EULAR/ACR-2019 classification criteria, where for example, thrombocytopenia/AIHA is scored
with higher point than leukopenia, or malar rash is scored higher than other rashes (149).
Our findings are in line with prospective studies that followed individuals with “incomplete” or
“possible” SLE, aiming to identify predictors of SLE progression. Acute cutaneous lupus, and
specifically malar rash has been consistently found among the strong clinical predictors of SLE
development in these groups of patients (202,261). Oral ulcers and proteinuria are also frequently
associated with SLE progression (57,261) in these studies. Among immunological tests,
anticardiolipin antibodies (202,262) and anti-dsDNA antibodies (57,261,263) are highly suggestive of
SLE development. Accordingly, when we analysed patients with “incomplete lupus” from our SLE
cohort (who yet, had clinical diagnosis of SLE according to an experienced rheumatologist), among
those who met 3 of the ACR-1997 criteria (n=77) or 3 of the SLICC-2012 clinical and/or immunologic
criteria (n=39) our logistic regression model (operated as binary) was able to capture 67/77 (87.0%)
and 30/39 (76.9%) of the incomplete lupus patients, respectively. Importantly, SLERPI showed good
discriminating capacity between patients with established undifferentiated connective tissue disease
(UCTD) and SLE, misclassifying only the 9% of UCTD as lupus. These results reflect the excellent
predictive capacity of SLERPI among those patients who, albeit would require accumulation of more
manifestations in order to classify, have a clinical diagnosis of lupus, while excluding patients who will
remain undifferentiated.

4.2.3 SLE risk stratification into distinct diagnostic certainty levels using the new LR
model
SLE displays marked phenotypic heterogeneity ranging from systemic to organ-limited/ dominant
forms. Clinical and immunological features may accrue sequentially in time, thus reflecting an evolving
process (264,265). Indeed, various terms have been used to describe different patient profiles such
as ‘definitive SLE’, ‘probable SLE’, ‘possible SLE’, ‘lupus-like’ or ‘incomplete lupus’. Our model
calculates risk probabilities, which correlate with certainty levels for the presence of SLE versus
competing rheumatological diseases. Based on unsupervised clustering, we hereby propose a risk
probability-based stratification of patients with suspected SLE into ‘unlikely’, ‘possible’ (cannot rule
out), ‘likely’ and ‘definitive’ SLE, depending on the type and number of features. As mentioned above,
this approach resembles diagnostic reasoning especially when encountering a patient for the first time
(266,267). Our model can be used not only to exclude (when risk probability is <14%) or confirm
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(when risk probability exceeds 86%) SLE but also to alert physicians to identify and monitor patients
with intermediate probabilities. Similar approaches have been used in other complex diseases (268).

4.2.4 Accuracy of SLERPI in detecting distinct groups of SLE patients
By operating our model as a dichotomous algorithm (SLE-or-not), the SLERPI exhibited very high
rates of sensitivity, specificity and accuracy assessed in a validation cohort. Our model can identify
SLE under different clinical scenarios such as: (a) lupus autoantibodies concurring with a single
clinical feature from a major organ (eg, thrombocytopenia/ AIHA), (b) multiple clinical but no
immunological features, (c) limited or non-specific serological features (eg, ANA) concurring with highyield clinical manifestations (eg, malar rash).
Diagnosing SLE early is important to prevent delays in treatment (33,135,139). Therefore, the aim of
the development of a ML-based algorithm was to assist SLE diagnosis, primarily early after the first
appearance of manifestations. In this respect, we tested this tool among patients with early SLE and
found high sensitivity, irrespective of the presence of organ damage while surpassing the performance
of the three classification criteria of SLE. It is known that immunological tests and specifically antidsDNA, anti-beta 2 glycoprotein-I antibodies, hypocomplementemia and positive Coombs tests as
well as haematological manifestations (autoimmune haemolytic anaemia, and leukopenia) are
common in early lupus disease (269). Furthermore, SLE patients first present with musculoskeletal
and mucocutaneous manifestations more frequently as compared to individuals with other control
diseases (270). All aforementioned features are represented in the SLERPI, which supports its use
in early disease. However, additional studies should prospectively evaluate and independently
validate the proposed model to establish its clinical utility and effect on a variety of patient and
healthcare outcomes.
These results support the use of the online version of SLERPI as a tool to aid SLE diagnosis.
Importantly, we noted excellent performance within patient subgroups with biopsy-proven lupus
nephritis, neuropsychiatric disease and severe disease necessitating potent immunosuppressive or
biologic therapies.

4.2.5 SLERPI in childhood-onset SLE
The SLERPI algorithm was developed based on features derived exclusively from adult patients. Batu
et al. evaluated the performance of SLERPI (SLE Risk Probability Index) in pediatric SLE patients
(271). In their analysis using the simple scoring version of the index as a binary outcome, the
sensitivity and specificity was 90.0% and 81.2%, respectively. Applying a more stringent cut-off of >8
resulted in a sensitivity of 81.2% and specificity of 89.4%. Notably, the area under the receiver
operating characteristic (ROC) curve of the scoring version of SLERPI was 0.94 (95% confidence
interval 0.919–0.968) suggesting a good discriminating capacity.
On another point, Batu et al. reported hemolytic uremic syndrome (HUS) and mixed connective tissue
disease (MCTD) as the two diseases most frequently misclassified as SLE by the SLERPI (271).
Although we acknowledge that neither disorder was included in the SLERPI derivation or validation
datasets, HUS is rarely encountered during adult life. MCTD can indeed be challenging to differentiate
from lupus, which may contribute to reduced specificity of the existing SLE classification criteria (255).
Intriguingly, a significant proportion of patients initially diagnosed as MCTD may evolve into another
defined connective tissue disease including SLE, therefore it would be tempting to evaluate SLERPI
as a prognostic index in such cases.
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To put these results into context, one should consider the fact that the SLERPI was developed based
on features derived from exclusively adult patients, the index performs optimally as a continuous
probabilistic (rather than binary) model (https://www.rheumatology-uoc.gr/en/slerpi) to produce
diagnostic certainty levels and finally features should be counted only if there is no better explanation
according to the attribution rule of the EULAR/ACR-2019 classification criteria. Interestingly, and in
line with the suggestion by Batu et al. for using a higher SLERPI cut-off point (>8), increasing the
classification threshold of the EULAR/ACR-2019 criteria resulted in enhanced specificity to detect
pediatric cases of SLE versus mimicking disorders.
To this end, the work by Batu et al. is precious in establishing the model's clinical utility and effect on
childhood-onset SLE. Any future efforts to further validate and calibrate the utility of this tool in
different clinical settings and populations is welcome.

4.2.6 Study limitations
Our study has certain limitations. First, because of its retrospective design and data extraction from
medical records, some clinical information may have been missed or underestimated. Nonetheless,
as mentioned before, both centres maintain detailed patient registries and use structured forms for
collecting clinical data, which helps to reduce possible information/data completeness bias. In fact,
the use of data from electronic health records to generate machine learning algorithms, has provided
sufficiently accurate results in previous studies (272,273). Second, the presence of some
immunological manifestations (direct Coombs test, complement levels) was not routinely recorded
before the introduction of the SLICC criteria, which could have led to an undervaluation of the
performance of the SLICC criteria
Furthermore, the two independent datasets that were used for external validation of our cohort,
derived from the same population with similar demographic characteristics and medication use
patterns. Diagnostic and classification criteria may have dissimilar performance in different clinical
and geographic settings, since they affect the pre-test probability of the disease (151); thus, our risk
probability index for SLE would be affected in a similar way. Therefore, our model should be validated
in a new independent cohort with diverse population characteristics, which would ideally include also
non-Caucasians, in order to verify its applicability.
Another point to consider is the lack of representation of certain diseases in the control groups with
major role in the differential diagnosis of SLE in clinical practice. For example, infectious diseases
and SLE share common manifestations and are thus considered in the differential diagnosis of
hospitalized patients with unexplained chronic symptoms, such as prolonged fever. Nevertheless, the
data collected for this study was retrospective and included patients who were registered in the
electronic databases of patients with rheumatologic diseases of the two participating centres.
Moreover, our tool was developed based on characteristics of patients with established disease. The
generation of a model for early diagnosis should ideally be based on patient cohorts with very early
disease and before the appearance of adverse outcomes such as organ damage. However,
considering the disease heterogeneity and the fact that manifestations in lupus tend to accrue over
time, a very large sample of patients with early disease would be needed to ensure representation of
as many as possible of the disease features, which is a challenging task. An additional challenge in
recruiting such patients is the fact that disease “onset” is typically defined as the date of SLE
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diagnosis, which, even in contemporary times, can be delayed (by several weeks or months) in a
considerable number of cases (78). Moreover, organ damage may accrue at very early stages of the
disease (274).
Finally, although we used two state-of-the art ML approaches for data training and model construction,
a number of other sophisticated algorithms of higher complexity exist (e.g. deep neural networks)
(170), which however, tend to produce less interpretable results.

4.3

The prospective cohort

Our preliminary results showed that the SLICC-2012 classification criteria better predicted transition
to SLE diagnosis, among individuals with potential autoimmune disease. At the time of physician
diagnosis, both the SLICC and the EULAR/ACR criteria correctly classified 90% of SLE patients, but
misclassification of patients who developed alternative diagnosis was high with the EULAR/ACR-2019
criteria. Similarly, the SLERPI algorithm scored >7 in 90% of patients at the time of SLE diagnosis,
but erroneously predicted SLE in 80% of patients with alternative diagnosis. High SLERPI scores
among patients with alternative diagnoses were due to the presence of ANA positivity,
antiphospholipid antibodies, arthritis and malar rash. Four patients who were finally diagnosed as RA
were seronegative (Rheumatoid Factor [RF] and ACPA negative), thus attribution of synovitis to
another, more likely than SLE diagnosis was challenging at first evaluation
Among the manifestations present in SLE cases, before the diagnosis was established, positive ANA
low complement levels, malar rash, photosensitivity and Raynaud’s phenomenon were the most
frequent. In a retrospective study including individuals with potential SLE according to a board certified
rheumatologist, independent predictors of SLE development were oral ulcers, anti-dsDNA and
proteinuria or cellular casts (57). Differences in cohort ethnicity (33% of individuals included in this
study were non-Caucasians) and in the establishment of the final SLE diagnosis, which was based
on the fulfilment of the ACR-1997 criteria (only 3 out of 56 patients in this study were diagnosed with
SLE based only on physician’s opinion) may justify the dissimilarities with our preliminary results.
A recent study conducted in one of the two participating centres of this dissertation (the “Attikon” SLE
cohort), aimed to characterize the clinical phenotype of patients hospitalized for symptoms who were
finally attributed to new-onset SLE (275). It was found that 87.4% of patients had a SLERPI >7 at the
time of admission to the hospital. Patients with lower SLERPI scores had fever, thrombotic or
neuropsychiatric manifestations, which are not included in the algorithm. Interestingly, by lowering the
SLERPI threshold to 5 in patients with fever or thrombotic events increased the diagnostic rate from
88.8% to 97.9% in this subgroup, while inclusion of all neuropsychiatric events yielded no additional
diagnostic value.
Nevertheless, the prospective part of this dissertation is still ongoing and the above results were
retrieved after a very short follow-up period; thus, they should be interpreted with caution. Our purpose
is to combine demographic, environmental, clinical and serological data with transcriptome data from
RNA-sequencing gene to identify which subgroup of individuals among those who are FDR with SLE
patients or who have positive autoantibodies, are at high risk for progression into SLE, especially with
major organ involvement. The effect sizes of all identified risk factors as well as of the RNA
sequencing gene signatures will transform our SLERPI index to a more complex risk prediction score
for SLE, of which utility will be tested in subsequent studies.
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5.

Conclusions

Despite their high sensitivity, existing classification criteria may miss patients with potentially serious
disease or delay classification, especially in cases of neurological SLE. Our findings suggest that the
three sets of classification criteria for SLE may need to be combined to assure maximum capture of
patients for inclusion in clinical trials, since they classify non-overlapping groups of patients.
Modification of the classification threshold may further enhance the sensitivity of the new EULAR/ACR
criteria, especially in the early stages of the disease, while other modifications of the existing criteria
did not achieve significant improvement of their performance. By using machine learning techniques,
we developed and validated a clinically applicable algorithm for the prediction of SLE based on
frequent manifestations of the disease. This algorithm could aid in the timely detection and treatment
of the disease, including its severe forms.
Finally, our preliminary results of the prospective study suggest that among individuals with positive
autoantibodies or FDRs with SLE, the short-term risk for transition into clinical SLE is low. The SLICC2012 criteria were able to classify those cases who transitioned to SLE earlier, but at the time of
physician diagnosis both the SLICC and the EULAR/ACR criteria captured the 90% of patients. The
SLERPI algorithm showed high sensitivity at physician diagnosis, but misclassified as SLE most
patients with alternative diseases. Following the study completion, clinical, demographic and lifestyle
data will be combined with blood transcriptome to define a high-risk subgroup of individuals for
progression into SLE.
Despite the high performance of classification criteria and the new SLE predictive algorithm SLERPI,
the development of optimized classification (or diagnostic) criteria that will include all patients with
clinically significant disease while excluding all mimickers, remains an important and unfulfilled goal.
Longitudinal studies will guarantee an improved understanding of both clinical and molecular
predictors of disease progression in patients with potential autoimmunity, contributing to both earlier
diagnosis of SLE or alternative diagnoses, as well as earlier identification of individuals who are not
likely to progress to any disease. This would contribute to earlier treatment and/or halting of disease
progression in high-risk patients but also save low-risk individuals from multiple visits and even
unnecessary treatment. Pending validation in larger follow-up studies, the SLE Risk Probability Index
developed during this dissertation is not meant to replace the judgement of an experienced
rheumatologist but to aid in the diagnosis of SLE, and promptly refer a patient.
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6.

Appendix

Table 6.1 The revised ACR classification criteria for SLE
For the purpose of inclusion of patients in clinical studies, classification is established when ≥4 criteria
are met, simultaneously or at follow-up, during any interval of observation. Modified from Hochberg
MC. Arthritis Rheum 1997; 40:1725.
No

ACR-1997 criteria

Description of criteria items

1

Malar rash

Fixed erythema, flat or raised, over the malar eminences, tending to spare
the nasolabial folds

2

Discoid rash

Erythematous raised patches with adherent keratotic scaling and follicular
plugging; atrophic scarring occur in older lesions

3

Photosensitivity

Skin rash as a result of unusual reaction to sunlight, by patient history or
physician observation

4

Oral ulcers

Oral or nasopharyngeal ulceration

5

Nonerosive arthritis

Non-erosive arthritis involving ≥2 peripheral joints, characterized by
tenderness, swelling or effusion

6

Pleuritis or pericarditis

a) Pleuritis: convincing history of pleuritic pain or rub heard by a physician
or evidence of pleural effusion OR
b) Pericarditis: documented by ECG or rub or evidence of pericardial
effusion

7

Renal disorder

a) Persistent proteinuria >0.5 g per day or >3+ if quantitation is not
performed OR
b) Cellular casts: red cell, haemoglobin, granular tubular, or mixed

8

Neurologic disorder

a) Seizures: in the absence of offending drugs or known metabolic
derangements OR
b) Psychosis: in the absence of offending drugs or known metabolic
derangements

9

Hematologic disorder

a) Haemolytic anaemia with reticulocytosis OR
b) Lymphopenia: <1500/mm3 OR
c) Thrombocytopenia: <100,000/mm3

10

Immunologic disorder

a) Anti-DNA: antibody to native DNA in abnormal titre OR
b) Anti-Sm: presence of antibody to Sm nuclear antigen OR
c) Positive finding of antiphospholipid antibodies based on: (1) an abnormal
serum concentration of IgG or IgM anticardiolipin antibodies, (2) a positive
test result for SLE anticoagulant, or (3) a false positive serologic test for
syphilis known to be positive for ≥6 months and confirmed by Treponema
pallidum immobilization or fluorescent treponemal antibody absorption test

11

ANA

Abnormal titre of ANA by immunofluorescence or an equivalent assay at
any point in time and in the absence of drugs known to be associated with
“drug-induced SLE” syndrome
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Table 6.2 The 2012 SLICC classification criteria for SLE
A patient is classified as having SLE if he/she satisfies 4 of the clinical and immunologic criteria used
in the SLICC classification criteria, including at least one clinical criterion and one immunologic
criterion, OR if he/she has biopsy-proven nephritis compatible with SLE in the presence of ANAs or
anti-dsDNA antibodies. Modified from Petri M, et al. Arthritis Rheum 2012;64:2677-86.
Clinical Criteria

Immunologic Criteria

1. Acute cutaneous lupus, including lupus malar rash,
bullous lupus, toxic epidermal necrolysis variant of
systemic lupus erythematosus, maculopapular lupus
rash, photosensitive lupus rash, or subacute
cutaneous lupus (psoriaform or annular polycyclic
lesions, or both)

1. Antinuclear antibody concentration greater than
laboratory reference range

2. Chronic cutaneous lupus, including classic discoid
rash (localised and generalised), hypertrophic lupus,
lupus
panniculitis,
mucosal
lupus,
lupus
erythematosus tumidus, chilblains lupus, and discoid
lupus/lichen planus overlap

2. Anti-ds DNA antibody concentration greater than
laboratory reference range (or two-fold the reference
range if tested by ELISA)

3. Oral ulcers or nasal ulcers

3. Anti-Sm: presence of antibody to Sm nuclear
antigen

4. Non-scarring alopecia

4. Antiphospholipid antibody positivity as determined
by any of the following: positive test result for lupus
anticoagulant, false positive test result for rapid
plasma
reagin,medium-titre
OR
high-titre
anticardiolipin antibody concentration (IgA, IgG, or
IgM), OR positive test result for anti-β2-glycoprotein I
(IgA, IgG, or IgM)

5. Synovitis involving two or more joints and at least
30 min of morning stiffness

5. Low complement C3, low C4, low CH50

6. Serositis

6. Direct Coombs’ test in the absence of haemolytic
anaemia

7. Renal (urine protein-to-creatinine ratio [or 24 h
urine protein]) representing 500 mg protein per 24h
or red blood cell casts
8. Neurological: seizures, psychosis, mononeuritis
multiplex, myelitis, peripheral and cranial neuropathy,
acute confusional state
9. Haemolytic anaemia
10. Leukopenia (<4000 cells per μL at least once) OR
lymphopenia (<1000 cells per μL at least once)
11.Thrombocytopenia (<100000 cells/μL) at least
once
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Table 6.3 SLE Severity Index
A patient is considered to have severe SLE if one of the following severe conditions is present, or if
the disease is severe according to physician assessment. A patient is considered to have moderate
SLE if one of the following moderate conditions is present, or if the disease is moderate according to
physician assessment. A patient is considered to have mild SLE if none of the moderate/severe
conditions is present, or if the disease is mild according to physician assessment.
Overall Physician Assessment (One of the following):

Severity

Mild SLE
Moderate SLE
Severe SLE

Mild
Moderate
Severe

Constitutional symptoms
≥1 from: a) fever >38°C, b) weight loss >10%, γ) lymphadenopathy, peripheral or intraabdominal/thoracic.

Moderate

Mucocutaneous
≥1 from: a) lupus rash and/or skin vascuitis involving 9–18% of body surface (with/without mild
ulcers or gangrene), b) panniculitis involving <9% of body surface., c) angioedema without
airway involvement

Moderate

≥1 from: a) lupus rash and/or skin vascuitis involving >18% of body surface and/or skin
vasculitis with severe ulcers or gangrene), b) panniculitis involving >9% of body surface., c)
angioedema with airway involvement

Severe

Excessive hair loss / alopecia with inflammation of the scalp

Moderate

Gastrointestinal
≥ 1 out of: a) moderate ascites; b) moderate enteropathy and / or malabsorption syndrome; c)
pancreatitis; d) lupus hepatitis with T-Bil <2.5 mg / dl & normal PT/PTT

Moderate

≥ 1 out of: a) severe ascites with acute abdomen; b) severe enteropathy and / or malabsorption
syndrome; c) pancreatic insufficiency; d) lupus hepatitis with hepatic insufficiency; e)
mesenteric vasculitis

Severe

Respiratory
≥ 1 of: a) moderate pleural effusion (no hypoxemia); b) moderate interstitial lung disease
(imaging) without gas exchange disturbance; c) pulmonary hypertension with mPAP <55
mmHg; NYHA I-II stage; d)alveolitis/pneumonitis.

Moderate

≥ 1 from: a) severe pleural effusion with hypoxemia; b) extensive interstitial lung disease with
gas exchange disturbance; c) pulmonary hypertension with mPAP> 55 mmHg and NYHA III-IV
stage; d) alveolar haemorrhage.

Severe

Musculoskeletal
≥ 1 of: a) mobility-limiting polyarthritis or involvement of large joints; b) inflammatory myositis
with a muscle strength reduction of up to 4/5.

Moderate

Inflammatory myositis with a muscle strength <4/5 and / or involvement of diaphragm, headneck muscles, pharyngeal muscles.

Severe

Hematologic
≥1 of: a) leucopenia 1000-2500 / μl; b) neutropenia 500-1000/μl; c) lymphopenia 500-1000/μl;
d) thrombocytopenia 20-50 × 103 / μl; e) anemia with hemoglobin 8-10 g/dl

Moderate

≥1 of: a) leucopenia <1000 / μl, b) neutropenia <500/ μl, c) lymphopenia <500/ μl, d)
thrombocytopenia <20 × 10 3 / μl, e) anemia with hemoglobin <8 g/dl f) thrombotic
thrombopenic purpura (TTP / TTP-like)

Severe

Ophthalmologic
≥ 1 of: a) moderate keratitis; b) moderate anterior uveitis; c) moderate scleritis or episcleritis.

Moderate

≥ 1 of: a) posterior uveitis, b) optic neuritis, c) anterior ischemic optic neuropathy, d) severe
keratitis, e) severe anterior uveitis, f) severe scleritis or episcleritis

Severe

Cardiovascular
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≥ 1 of: a) moderate or large pericardial effusion, b) myocarditis, c) non-infectious endocarditis.
(Α-c) are without hemodynamic instability or heart failure or valve dysfunction or arrhythmia.

Moderate

≥ 1 of: a) large pericardial effusion; b) myocarditis; c) non-infectious endocarditis; d) aortitis or
coronary artery vasculitis. (Α-c) are with hemodynamic instability or heart failure or valve
dysfunction or arrhythmia.

Severe

Neurological
≥ 1 of: a) NPSLE with mild / moderate neurological deficit; b) moderate psychiatric
manifestation; c) aseptic meningitis; d) transient ischemic stroke.

Moderate

≥ 1 of: a) CNS vasculitis, b) myelopathy, c)continued epileptic seizures or status epilepticus, d)
neurological syndrome with moderate / severe neurological deficit, e) severe psychiatric
manifestation

Severe

Renal
≥ 1 of: (a) Nephritis class II; (b) Nephritis class V (a-b with proteinuria <3 g / 24 hr and normal
renal function)

Moderate

≥ 1 of: a) Class III / IV nephritis or mixed V + III / IV, b) Nephritis of any class with: proteinuria
≥3 g / 24 hr and / or impaired renal function (serum creatinine elevation of ≥30% )

Severe

Use of immunosuppressants (due to active/refractory SLE; not due to intolerance of
other agents)
≥ 1 of: a) azathioprine; b) mycophenolic; c) calcineurin inhibitors; d) belimumab
≥ 1 of: a) cyclophosphamide; b) rituximab
CNS, Central Nervous System

Moderate
Severe
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Table 6.4 Definitions of SLE criteria items of the EULAR/ACR-2019 classification criteria
Modified from Aringer M, et al. Arthritis Rheumatol. 2019 Sep; 71(9): 1400–1412.
Criteria

Definition

Antinuclear Antibodies (ANA)

ANA at a titre of ≥1:80 on HEp-2 cells or an equivalent positive test at
least once. Testing by immunofluorescence on HEp-2 cells or a solid
phase ANA screening immunoassay with at least equivalent
performance is highly recommended

Fever

Temperature >38.3°C

Leucopenia

White blood cell count <4.0×10∧9/l

Thrombocytopenia

Platelet count <100×10∧9/l

Autoimmune haemolysis

Evidence of haemolysis, such as reticulocytosis, low haptoglobin,
elevated indirect bilirubin, elevated lactate dehydrogenase (LDH) AND
positive Coomb’s (direct antiglobulin) test.

Delirium

Characterised by (1) change in consciousness or level of arousal with
reduced ability to focus, (2) symptom development over hours to <2
days, (3) symptom fluctuation throughout the day, (4) either (4a)
acute/subacute change in cognition (eg, memory deficit or
disorientation), or (4b) change in behaviour, mood, or affect (eg,
restlessness, reversal of sleep/wake cycle)

Psychosis

Characterised by (1) delusions and/or hallucinations without insight and
(2) absence of delirium

Seizure

Primary generalised seizure or partial/focal seizure

Non-scarring alopecia

Non-scarring alopecia observed by a clinician*

Oral ulcers

Oral ulcers observed by a clinician*

Subacute cutaneous or discoid
lupus

Subacute cutaneous lupus erythematosus observed by a clinician*:
Annular or papulosquamous (psoriasiform) cutaneous eruption, usually
photodistributed
Discoid lupus erythematosus observed by a clinician*:
Erythematous-violaceous cutaneous lesions with secondary changes of
atrophic scarring, dyspigmentation, often follicular hyperkeratosis/
haematological (scalp), leading to scarring alopecia on the scalp.
If skin biopsy is performed, typical changes must be present. Subacute
cutaneous lupus: interface vacuolar dermatitis consisting of a
perivascular lymphohistiocytic infiltrate, often with dermal mucin noted.
Discoid lupus: interface vacuolar dermatitis consisting of a
perivascular and/or periappendageal lymphohistiocytic infiltrate. In the
scalp, follicular keratin plugs may be seen. In longstanding lesions,
mucin deposition and basement membrane thickening may be noted

Acute cutaneous lupus

Malar rash or generalised maculopapular rash observed by a clinician
If skin biopsy is performed, typical changes must be present: interface
vacuolar dermatitis consisting of a perivascular lymphohistiocytic
infiltrate, often with dermal mucin noted. Perivascular neutrophilic
infiltrate may be present early in the course

Pleural or pericardial effusion

Imaging evidence (such as ultrasound, X-ray, CT scan, MRI) of pleural
or pericardial effusion, or both

Acute pericarditis

≥2 of (1) pericardial chest pain (typically sharp, worse with inspiration,
improved by leaning forward), (2) pericardial rub, (3) electrocardiogram
(EKG) with new widespread ST-elevation or PR depression, (4) new or
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worsened pericardial effusion on imaging (such as ultrasound, X-ray,
CT scan, MRI)
Joint involvement

EITHER (1) synovitis involving two or more joints characterised by
swelling or effusion OR (2) tenderness in two or more joints and at least
30 min of morning stiffness

Proteinuria >0.5 g/24 hours

Proteinuria >0.5 g/24 hours by 24 hours urine or equivalent spot urine
protein-to-creatinine ratio

Class II or V lupus nephritis on
renal biopsy according to ISN/RPS
2003 classification

Class II: mesangial proliferative lupus nephritis: purely mesangial
hypercellularity of any degree or mesangial matrix expansion by light
microscopy, with mesangial immune deposit. A few isolated
subepithelial or subendothelial deposits may be visible by immunefluorescence or electron microscopy, but not by light microscopy
Class V: membranous lupus nephritis: global or segmental
subepithelial immune deposits or their morphological sequelae by light
microscopy and by immunofluorescence or electron microscopy, with or
without mesangial alterations

Class III or IV lupus nephritis on
renal
biopsy
according
to
International
Society
of
Nephrology/ Renal Pathology
Society (ISN/RPS) 2003

Class III: focal lupus nephritis: active or inactive focal, segmental or
global endocapillary or extracapillary glomerulonephritis involving <50%
of all glomeruli, typically with focal subendothelial immune deposits, with
or without mesangial alterations

Positive
antibodies

Anticardiolipin antibodies (IgA, IgG, or IgM) at medium or high titre (>40
A phospholipids (APL), GPL or MPL units, or >the 99th percentile) or
positive anti-β2GP1 antibodies (IgA, IgG, or IgM) or positive lupus
anticoagulant

antiphospholipid

Class IV: diffuse lupus nephritis: active or inactive diffuse, segmental or
global endocapillary or extracapillary glomerulonephritis involving ≥50%
of all glomeruli, typically with diffuse subendothelial immune deposits,
with or without mesangial alterations. This class includes cases with
diffuse wire loop deposits but with little or no glomerular proliferation

Low C3 OR low C4

C3 OR C4 below the lower limit of normal

Low C3 AND low C4

Both C3 AND C4 below their lower limits of normal

Anti-dsDNA antibodies OR

Anti-dsDNA antibodies in an immunoassay with demonstrated ≥90%
specificity for SLE against relevant disease controls OR anti-Sm
anti-Smith (Sm) antibodies.
antibodies
ISN/RPS International Society of Nephrology/Renal Pathology Society
*This may include physical examination or review of a photograph.
dsDNA, double-stranded DNA; SLE, systemic lupus erythematosus.
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Table 6.5 List of non-criteria features monitored in SLE cases and disease controls (discovery
and validation cohorts)
Feature

Definition

Fatigue

Patient-reported extreme tiredness, not caused by ongoing exertion or insomnia,
which is not relieved by rest.

Lymphadenopathy

Abnormally enlarged (>1cm) lymph nodes, noted either by physician examination or
US/CT/MRI scans, after appropriately excluding infection and lymphoma.

Sicca

Persistent (more than 3 months) dry eyes and/or dry mouth, reported by patient.

Dermographism

An exaggerated reaction of the skin to minor scratches with the appearance of red
wheals, observed by a physician.

Skin vasculitis

Presence of purpura with or without skin biopsy suggesting of leukocytoclastic
vasculitis or necrotizing skin lesions resulting in gangrene, skin ulceration or skin
infarction.

Livedo reticularis

A lace-like purplish discoloration of the skin with a mottled reticulated pattern,
observed by a physician.

Urticaria/Angioedema

Urticaria: recurrent development of intensely pruritic, erythematous plaques, which
usually appear over the course of minutes, enlarge and coalesce with other lesions,
and then disappear within a few hours.
Angioedema: self-limited, localized subcutaneous (or submucosal) swelling, which
results from extravasation of fluid into interstitial tissues, with or without concurrent
urticaria. Both conditions should be either observed by a physician or demonstrated
by the patient with a photograph.

Ascites

Abnormal accumulation of fluid in the peritoneal cavity, observed by physical
examination or on ultrasound, CT or MRI scan of the abdomen.

Hepatitis

Persistent transaminasemia and absence of autoantibodies specific to autoimmune
hepatitis [antibodies to smooth muscle (ASMA) or liver/kidney microsomes (ALKM1)] and/or histologic findings suggesting chronic active hepatitis, after exclusion of
other forms of chronic liver disease (viral, alcoholic, NAFLD)

Mesenteric vasculitis

Angiographic findings suggesting inflammation of mesenteric vessels.

Enteropathy

a) Lupus enteritis or colitis: Vasculitis or inflammation of small or large bowel with
supporting imaging and/or biopsy findings.
b) Protein-losing enteropathy: diarrhea with hypoalbuminemia after exclusion of gut
vasculitis or malabsorption

Pneumonitis

Radiologic features of alveolar infiltration not due to infection or haemorrhage.

Interstitial lung
involvement

Radiologic features of lung disease suggesting inflammation and fibrosis of the
alveoli, distal airways, and septal interstitium of the lung, as observed with a highresolution CT scan of the chest.

Alveolar hemorrhage

Bleeding into the alveolar spaces of the lungs, confirmed by bronchoscopy with
bronchoalveolar lavage.

TTP / TTP-like

Clinical syndrome of micro-angiopathic hemolytic anaemia and thrombocytopenia,
with or without fever, neurological and/
or renal impairment, usually without severe deficiency of von Willebrand Factor
(VWF) cleaving metalloproteinase (ADAMTS-13).

Splenomegaly

Enlargement of the spleen, observed on ultrasound, CT or MRI scan of the abdomen,
with appropriate exclusion of infection, cancer, etc.

Scleritis/episcleritis

Inflammation of the sclera/ episclera, diagnosed by an ophthalmologist.

Uveitis

inflammation of the uveal tract (i.e., iris, ciliary body, choroid), diagnosed by an
ophthalmologist.
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Myocarditis

Inflammation of the myocardium presenting with elevation of cardiac enzymes and/or
ECG changes with or without signs and symptoms of acute decompensation of heart
failure. Appropriate exclusion of other causes of heart dysfunction (eg, coronary
ischemia, amyloidosis, valvular dysfunction, congenital causes) should precede.

Anti-RNP

Presence of autoantibodies against ribonucleoproteins, detected by ELISA at least
once.

Anti-Ro/SSA

Presence of autoantibodies against extractable nuclear Ro proteins, detected by
ELISA, at least once.

Anti-La/SSB

Presence of autoantibodies against extractable nuclear La proteins, detected by
ELISA, at least once.

Raynaud's

Episodes of spasms of blood vessels of the fingers and less frequently ears, toes,
nipples, knees, or nose, triggered by cold or emotional stress, resulting in the affected
part turning white, then blue and, after restoration of blood flow, the area turns red
and burns. Diagnosis is made either by the description of an episode by the patient
or by physician observation.

Myositis

Inflammation of the muscles resulting in prolonged elevation of serum muscle
enzymes, myalgia and/or muscle weakness, not caused by exercise, injury,
endocrine causes, medicines or infection.
US Ultrasound, CT Computed Tomography, MRI Magnetic Resonance Imaging NAFLD Non-alcoholic Fatty
Liver Disease TTP Thrombotic Thrombocytopenic Purpura Anti-RNP antibody to Ribonucleoprotein AntiRo/SSA anti–Sjögren's-syndrome-related antigen A autoantibodies Anti-La/SSB anti–Sjögren's-syndromerelated antigen A autoantibodies
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δικής μου διατριβής. Επίσης, τους ιατρούς με τους οποίους συνυπήρξαμε κατά τη διάρκεια της
ειδικότητας και της εκπόνησης της διατριβής, τον Γιάννη Παπαλόπουλο, την Παρασκευή Κυφωνίδου,
τον Αναστάσιο Εσκιτζή, την Αϊνούρ Μολλά, την Σοφία Πιτσιγαυδάκή και την Κατερίνα
Πατερομιχελάκη.
Τίποτα δε θα ήταν το ίδιο στην κλινική χωρίς την παρουσία του εξαιρετικού νοσηλευτικού προσωπικού
του τμήματος, συγκεκριμένα την Αντζελα Κουντούρη, Μαρία Τεριζάκη, Μιχάλη Ζαφειρίου, Ελένη
Καλογιαννάκη, Στέλλα Πόλια, Ελένη Καμπουράκη, Μυρτώ Νικολουδάκη και Μαρίνα Πορτοκαλίδου,
όπως και τη γραμματέα της κλινικής Μαίρη Αδαμάκη. Αισθάνομαι πολύ τυχερή που είχα την ευκαιρία
να εργαστώ σε αυτή την κλινική, την οποία θεωρώ υπόδειγμα στη φροντίδα των ασθενών και την
εκπαίδευση φοιτητών και νέων ιατρών.
Τον PHDc Μάνο Παπαστεφανάκη ευχαριστώ για τις ατέλειωτες ώρες βοήθειας που αφιέρωσε για τη
συλλογή δεδομένων, όπως και τον ιατρό και PHDc Διονύση Νικολόπουλο για την συνεργασία του, τη
συλλογή δεδομένων από το αρχείο ασθενών του νοσοκομείου Αττικού και τη βοήθειά του στη
συγγραφή των άρθρων.

86

Η πορεία μου δε θα ήταν η ίδια χωρίς τις όμορφες προσωπικές στιγμές και τη στήριξη από τους
φίλους και την οικογένεια. Ευχαριστώ ιδιαιτέρως την Ελένη για την ψυχολογική υποστήριξη και τις
όμορφες στιγμές, όπως και την Άννα, την Ελένη Β., τη Φανή, την Ειρήνη και τη Βάσω. Την
συνεργάτιδα και φίλη Ελένη Φραγκούλη την ευχαριστώ ιδιαιτέρως για την αμέτρητη υποστήριξη και
τις συζητήσεις μας κατά την παραμονή μου στην Κρήτη.
Τους γονείς μου Frida και Νίκο τους ευχαριστώ για όλα όσα μου δίδαξαν και έχουν κάνει για μένα,
τους πεθερούς μου Πρόδρομο, Μαρία για την αμέτρητη στήριξη, τον Κωνσταντίνο, την Έλενα, την
Ειρηνούλα και τον Ευθύμη, οι οποίοι πάντα υπάρχουν εκεί για μένα.
Αφιερώνω αυτή τη διατριβή στην οικογένειά μου Αλέξανδρο και Στέφανο, για την απέραντη
υποστήριξη σε όλες τις επιλογές μου και την υπομονή για τις ώρες που στερήθηκαν προκειμένου να
ολοκληρωθεί αυτή η διατριβή.
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