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Abstract
Background The high complexity of systemic autoimmune diseases (SADs) has 
hindered precise management. This study aims to investigate heterogeneity in SADs.

Methods We applied a joint cluster analysis, which jointed multiple correspondence 
analysis and k-means, to immunomarkers and measured the heterogeneity of 
clusters by examining differences in immunomarkers and clinical manifestations. The 
electronic health records of patients who received an antinuclear antibody test and 
were diagnosed with SADs, namely systemic lupus erythematosus (SLE), rheumatoid 
arthritis (RA), and Sjögren’s syndrome (SS), were retrieved between 2001 and 2016 from 
hospitals in Taiwan.

Results With distinctive patterns of immunomarkers, a total of 11,923 patients with 
the three SADs were grouped into six clusters. None of the clusters was composed only 
of a single SAD, and these clusters demonstrated considerable differences in clinical 
manifestation. Both patients with SLE and SS had a more dispersed distribution in the 
six clusters. Among patients with SLE, the occurrence of renal compromise was higher 
in Clusters 3 and 6 (52% and 51%) than in the other clusters (p < 0.001). Cluster 3 also 
had a high proportion of patients with discoid lupus (60%) than did Cluster 6 (39%; 
p < 0.001). Patients with SS in Cluster 3 were the most distinctive because of the high 
occurrence of immunity disorders (63%) and other and unspecified benign neoplasm 
(58%) with statistical significance compared with the other clusters (all p < 0.05).

Conclusions The immunomarker-driven clustering method could recognise more 
clinically relevant subgroups of the SADs and would provide a more precise diagnosis 
basis.

Keywords Autoimmune diseases, Immune markers, Cluster analysis, Disease 
heterogeneity
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Introduction
Systemic autoimmune disease (SAD) is an umbrella term for autoimmune diseases that 
could affect all body systems and organs. SADs are typically divided into major cate-
gories, such as systemic lupus erythematosus (SLE), rheumatoid arthritis (RA), and 
Sjögren’s syndrome (SS). However, patients with specific SADs present with consider-
ably varying manifestations. Regarding the initial presentation of SLE, a molar rash, 
pleural effusion, or even septic shock can be the first manifestation of SLE [1]. Moreover, 
severity and prognosis considerably vary among patients with the same SAD [2]. Some 
patients meet sufficient criteria and receive a clear diagnosis of SAD, whereas other 
patients fail to meet criteria required for the diagnosis [3]. The high complexity of SADs 
has hindered their precise management.

To provide more meticulous treatments for SADs, detailed identification of hetero-
geneous SAD subgroups would be the key first step for developing tailored healthcare 
strategies. Regrouping or reclassification of various well-known diseases has attracted 
considerable interest. Diabetes, among the most prevalent diseases, is classified into four 
categories, not only type 1 and type 2, based on the traditional classification [4]. Myocar-
dial infarction, another major disease with a high prevalence, is classified into five types 
based on pathological, clinical, and prognostic differences, and treatment strategies vary 
for these five types [5]. An update of the classification scheme enhances clinical useful-
ness and establishes an accurate diagnosis [6]. Due to their complex nature, the current 
classification scheme for SADs does not meet the clinical need.

Redefining SADs is an ongoing task in the rheumatology community. European and 
American committees established new classification criteria for SLE in 2019 [7]. In addi-
tion to experts’ consensus, antinuclear antibody (ANA) testing and data-driven methods 
have been employed to refine the definition of SLE [7]. In fact, in the realm of disease 
diagnosis (e.g., autoimmune diseases, cancers), relying solely on individual biomarkers 
often proves inadequate [8, 9]. To counter this limitation, utilizing a biomarker panel 
consisting of multiple markers has shown substantial potential for enhancing diagnostic 
accuracy [10]. However, due to the intricate and implicit numerical patterns within such 
biomarker panels, the incorporation of machine learning and artificial intelligence tech-
nologies becomes pivotal in deciphering these specific disease patterns, thereby further 
amplifying diagnostic precision [11, 12]. On top of the approach, using numerous objec-
tive measurements (e.g., biomarker testing) with data-driven analytical methods has 
been advocated as a more adequate approach for redefining SADs. Using data-driven 
analytical methods, such as unsupervised clustering, studies have demonstrated that the 
heterogeneity of autoimmune diseases can be efficiently deconstructed to obtain clini-
cally meaningful insights [13–19]. Hierarchical clustering with endoscopy and histol-
ogy data was applied to identify subgroups of inflammatory bowel disease with differing 
colonic involvement [13] and subgroups of patients with anti-Ku syndrome developing 
different types of severe comorbidities using clinical features [18]. Consensus cluster-
ing and similarity network fusion algorithms were applied to identify subtypes in RA 
with RNA sequencing data [14] and subgroups of molecular disease mechanisms with 
OMIC dataset [15], respectively. Similar to our study’s target, a previous study classified 
patients with particular SADs by performing cluster analysis based on principal compo-
nents (PCs) derived from a multiple correspondence analysis (MCA), with laboratory 
measurements [19]. While the previous study observed dissimilarities in the positive 
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rates of autoantibodies and the frequencies of SADs between clusters, highlighting the 
importance of heterogeneity of SADs, the association between clusters and clinical char-
acteristics remains unclear [19].

However, treating dimension reduction and clustering as separate processes may not 
define the informative subspace for genuine cluster structures. To ensure the most infor-
mative subspace for clustering is directly used, we applied a method that jointly performs 
dimension reduction and clustering. This method allows for more precise identification 
of clinically relevant clusters and their associations with clinical characteristics, address-
ing the abovementioned limitations. This study investigated heterogeneity in SADs with 
a method that jointed dimension reduction and clustering on immunomarkers that are 
frequently tested in SADs and are typically ordered during routine clinical visits, and 
evaluated heterogeneity based on clinical manifestations.

Method
Study population and setting

This study retrieved electronic medical records from the Chang Gung Research Data-
base between 2001 and 2019, containing clinical data from three medical centres and 
five regional hospitals in Taiwan [20]. We included patients receiving a principal diag-
nosis of SADs (Supplement Document 1) between 2001 and 2016 and had at least one 
ANA test.

Patient inclusion algorithm

Figure 1 presents a flowchart of patient inclusion rules. We identified patients receiving 
at least two diagnoses of a specific SAD 30 days apart within 365 days [21]. Then, we 
included patients having at least one immunomarker result within 90 days before and 
30 days after the first diagnosis date to minimise the bias from treatments that immu-
nomarkers might be subject to. To have an adequate number of patients for each target 
SAD, we included only patients diagnosed with common SADs, namely SLE, SS, and 
RA, for the cluster analysis and excluded those with multiple SADs. Finally, patients hav-
ing at least three years of follow-up from the first diagnosis were retained for a clinical 
implication analysis.

Data preprocessing and imputation

We used 33 immunomarkers as the data for cluster analysis. These immunomarkers are 
frequently tested, crucial for diagnosing and monitoring SADs, and typically ordered 
during routine clinical visits. This choice ensures the practical applicability of our model 
in real-world clinical environments. All the tests were conducted at Chang Gung Memo-
rial Hospital, which has been accredited by The College of American Pathologists (CAP) 
since 2002.

We then converted the results of 33 immunomarkers (Supplement Document 2) into 
categorical variables. Test results not within the reference range (Supplement Table 1) 
were classified as abnormal (i.e., presence of the autoantibody or out of the normal 
range). Those within the reference range were considered normal. Reference ranges of 
immunomarkers might be subject to exam method shifts or updates according to years 
of research findings. In response to the issue, reference range changes over time were 
considered when converting exam results into dichotomous forms.
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The problem of missing values is prominent in a real-world dataset because physicians 
order different laboratory tests even for the same disease. Generally, we imputed missing 
values with “normal” results (i.e., negative and nonreactive) except for the rheumatoid 
factor (RF) and ANA. For diagnosing a specific SAD, laboratory tests that clinical physi-
cians do not order are regarded as minimally valuable, and the test results are assumed 
to be within the reference range. By contrast, the missing value of the RF was imputed as 
“abnormal” for patients with RA, given the fact that RF positivity is associated with RA 
development [22] and is a valuable biomarker for RA diagnosis [23]. The same principle 
was applied to the missing values of ANA testing for patients with SLE and SS, consider-
ing the high diagnostic value of ANA testing in SLE [24] and SS [25]. The missing rates 
for all the immunomarkers are presented in Supplement Fig. 1.

Cluster analysis

We performed a cluster analysis using MCA k-means. This method joints dimension 
reduction and cluster analysis by combining MCA with k-means in a unified framework. 
By contrast, the tandem approach that involves first determining PCs and then cluster-
ing patients using these PCs with clustering algorithms has an inherent problem where 
the first few PCs do not necessarily define the most informative subspace of a genuine 

Fig. 1 Flowchart of patient inclusion rules. (RA, rheumatoid arthritis; SLE, systemic lupus erythematosus; SS, 
Sjögren’s syndrome)
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cluster structure of the original dataset. Thus, we employed the joint approach to solve 
this problem. Details of feature selection and parameter tuning are in Supplement Docu-
ment 3.

Assessment of clinical implications

To evaluate the performance of the cluster analysis in aggregating patients into clinically 
significant subgroups, we compared the occurrence of clinical manifestations after SAD 
diagnosis between groups for patients who were followed for at least 3 years (Fig. 1). The 
patients who had a follow-up period of of less than 3 years were excluded at this stage to 
trace the occurrence of occurrence of clinical manifestations after SAD. Clinical mani-
festations were categorised in two ways: (1) typical or severe manifestations observed 
in RA, SLE, and SS, defined in Supplement Table 2, and (2) Clinical Classifications Soft-
ware (CCS) categories, considered to comprehensively screen for clinical manifestations 
that could be rare and associated with a specific group. Patients’ manifestations might be 
subject to medical treatments; because of the convention that treatments are conditional 
on diagnoses for the reimbursement purpose of the National Health Insurance (NHI), 
the temporality of manifestations and treatments is favourable in our study.

Statistical analysis

Analysis of variance (ANOVA) was performed to examine the distribution of differ-
ences between the means of SADs. The chi-square test or Fisher’s exact test was per-
formed for the univariate analysis of categorical variables. Test for proportion difference 
of comorbidity, across all clusters and by every two clusters, were conducted by Fish-
er’s exact test and Barnard’s unconditional test. Adjusted odd ratios (ORadj) were cal-
culated using a multiple logistic regression model. The R package clustrd [26] was used 
to implement the MCA k-means algorithm. Statistical analyses were performed using 
R (version 4.1.0, The R Foundation for Statistical Computing). All statistical tests were 
two-sided, and a p-value of < 0.05 was considered significant for statistical analyses. 
R scripts for the analyses above are available at https://github.com/DHLab-TSENG/
Heterogeneity-in-SAD-paper.

Results
Demographic characteristics and immunomarker

We profiled the data of patients with SS (n = 3,541), RA (n = 5,696), and SLE (n = 2,686) 
(Fig. 1; Table 1). The patients with SLE (mean age = 33.9 ± 17.5 years) were younger than 
those with RA (51.0 ± 16.6) and SS (54.2 ± 14.2) (p < 0.001). More than 85% of the patients 
with SS and SLE were female, whereas the patients with RA had a slightly lower propor-
tion (74%) in females. The proportion of patients with abnormal immunomarker results 
varied among the SADs (Table 1).

Clustering results and cluster characteristics

Figure 2A presents the results of the cluster analysis. The best model, with the highest 
average silhouette width, retained two PCs, resulting in six clusters. The first PC sepa-
rated Clusters 1, 3, 4, and 6, whereas the second PC further opposed Clusters 2 and 5.

The proportion of patients with the three SADs was imbalanced among the clusters. 
The patients with RA, SLE, and SS mainly dominated Clusters 1, 3 and 6, and 4 and 5, 

https://github.com/DHLab-TSENG/Heterogeneity-in-SAD-paper
https://github.com/DHLab-TSENG/Heterogeneity-in-SAD-paper
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respectively. The patients with SLE and SS were evenly distributed in Cluster 2 (Fig. 2B). 
Figure  2C depicts the proportion of patients with the SADs in the six clusters. RA 
accounted for a disproportionately high percentage (> 90%) in Cluster 1, whereas SLE 
and SS had a more dispersed distribution in the six clusters.

We identified a distinctive pattern by determining the proportion of abnormal immu-
nomarker results between the clusters (Fig. 3A and B), and details are described in Sup-
plementary Document 4.

Table 1 Demographic characteristics and proportions of immunomarker test results in patients 
with SS, RA, and SLE (immunomarkers with normal test results for all the SADs were excluded)
Variable Sjögren’s 

syndrome
(n = 3,541)

Rheumatoid 
arthritis
(n = 5,696)

Systemic lupus 
erythematosus
(n = 2,686)

p-
value

Age, mean (sd) 54·2 (14·2) 51·0 (16·6) 33·9 (17·5) < 0·001
Sex, n (%)
 Female 3,070 (86·70) 4,250 (74·61) 2,307 (85·89) < 0·001
 Male 471 (13·30) 1,446 (25·39) 379 (14·11) < 0·001
Autoantibody (= positive), n (%)
 ACAG 12 (0·34) 1 (0·02) 59 (2·20) < 0·001
 ACAM 3 (0·08) 1 (0·02) 3 (0·11) 0·188
 ANA 2,049 (57·87) 1,159 (20·35) 2,335 (86·93) < 0·001
 AQP4-autoAb 2 (0·06) 0 (0) 0 (0) 0·094
 Anti-BMZA 0 (0) 0 (0) 3 (0·11) 0·006
 Anti-CENP 6 (0·17) 0 (0) 0 (0) < 0·001
 Anti-ICSA 0 (0) 1 (0·02) 2 (0·07) 0·164
 Anti-Jo 1 (0·03) 0 (0) 0 (0) 0·306
 Anti-RNP-Sm 18 (0·51) 8 (0·14) 92 (3·43) < 0·001
 Anti-RibP 0 (0) 0 (0) 2 (0·07) 0·032
 Anti-SSA 496 (14·01) 37 (0·65) 155 (5·77) < 0·001
 Anti-SSB 290 (8·19) 18 (0·32) 79 (2·94) < 0·001
 Anti-Scl 3 (0·08) 1 (0·02) 5 (0·19) 0·031
 Anti-THYG 28 (0·79) 10 (0·18) 10 (0·37) < 0·001
 Anti-TPO 62 (1·75) 30 (0·53) 34 (1·27) < 0·001
 Anti-TSHR 1 (0·03) 0 (0) 1 (0·04) 0·386
 Anti-dsDNA 45 (1·27) 27 (0·47) 1,221 (45·46) < 0·001
 B2GP1G 0 (0) 0 (0) 1 (0·04) 0·179
 CRYOFIBRI 83 (2·34) 55 (0·97) 68 (2·53) < 0·001
 CRYOID 215 (6·07) 141 (2·48) 208 (7·74) < 0·001
 DC IgG 1 (0·03) 0 (0) 19 (0·71) < 0·001
 FLC Kappa 5 (0·14) 1 (0·02) 5 (0·19) 0·031
 FLC Lambda 4 (0·11) 0 (0) 5 (0·19) 0·009
 GAD-Ab 0 (0) 1 (0·02) 0 (0) 0·579
 RF 2,258 (63·77) 5,695 (99·98) 817 (30·42) < 0·001
Complement (= abnormal), n (%)
 C3 239 (6·75) 125 (2·19) 1,513 (56·33) < 0·001
 C4 72 (2·03) 124 (2·18) 1,006 (37·45) < 0·001
Abbreviations: ACAG = anti-cardiolipin antibody IgG, ACAM = anti-cardiolipin antibody IgM, ANA = anti-nuclear antibody, 
AQP4-autoAb = anti-aquaporin 4 antibodies, anti-BMZA = basement membrane zone antibody, anti-CENP = anti-centromere 
antibody, anti-ICSA = intracellular substance antibody, anti-Jo = anti-Jo 1 antibody, anti-RNP-Sm = anti-ribonucleoprotein 
and anti-Smith antibody, anti-RibP = anti-ribosomal P antibody, anti-SSA = anti-SSA/Ro antibody, anti-SSB = anti-SSB/La 
antibody, anti-Scl = anti-Scl antibody, anti-THYG = anti-thyroglobulin antibody, anti-TPO = anti-thyroid peroxidase antibody, 
anti-TSHR = anti-TSH receptor antibody, anti-dsDNA = anti-double stranded DNA antibody, B2GP1G = beta-2 glycoprotein 
1 antibody IgG, CRYOFIBRI = cryofibrinogen identification, CRYOID = cryoblobulin identification, DC IgG = direct coombs 
IgG, FLC Kappa = free light chain kappa, FLC Lambda = free light chain lambda, GAD-Ab = glutamic acid decarboxylase 65 
antibody, RF = rheumatoid factor, C3 = complement component C3, C4 = complement component C4
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High heterogeneity in clinical manifestations of SADs between the clusters

We determined the rate of clinical manifestations for the SADs grouped into six clusters. 
SS showed the most heterogeneous clinical manifestations between clusters (Fig.  4A 
top). Patients with SS in Cluster 3 were the most distinctive because of the high occur-
rence of immunity disorders (63%) and other and unspecified benign neoplasm (58%), 
compared with the other clusters (all p < 0.05). More than half of the patients with SS 

Fig. 3 Immunological characteristics of clusters based on immunomarkers. (A) and (B) The proportion of abnor-
mal results in the 10 immunomarkers in the clusters

 

Fig. 2 Diverse clustering of the patients with SADs based on immunomarkers. (A) Clusters of patients obtained 
using MCA k-means with abnormal immunomarkers contributing to the lowest two principal components (PCs). 
Coloured points with diseases labelled in shapes represent the patients, and immunomarkers with abnormal re-
sults are shown as black crosses (x) along with their names. The relative location between a cluster’s centroid 
and an immunomarker suggests the tendency, compared with other clusters, of patients in a specific cluster to 
test abnormal for immunomarkers located nearby. For example, Cluster 3 is located near C3, C4, and anti-dsDNA, 
suggesting that patients in this cluster are more likely to test abnormal for these immunomarkers. (B) SADs are 
grouped into six clusters. The patients with the SADs (RA, SLE, and SS) are grouped into six clusters based on the 
pattern of immunomarkers. Each cluster is composed of multiple SADs. For example, Cluster 2 comprises SLE, SS, 
and a few RA cases. The heterogeneity indicates that the patients exhibit similar immunomarker patterns even if 
diagnosed with different SADs. (C) Heterogeneity of SADs. RA is predominantly distributed only in Cluster 1. High 
heterogeneity is noted for SLE and SS – patients with SS can exhibit the immunomarker patterns of Clusters 1, 2, 4, 
and 5; patients with SLE are also observed in Clusters 2 and 3
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Fig. 4 Heatmaps illustrate the rates of (A) Clinical Classification Software (CCS) diagnosis groups and (B) common 
clinical manifestation occurrences of the systemic autoimmune diseases between clusters in each of the individual 
diseases. We classified all ICD codes (not limited to SADs related codes) into CCS single-level diagnosis groups to 
identify clinically meaningful manifestations. As shown in Fig. 4B, we collected, from other studies, manifestations 
that were commonly observed in patients with the SADs
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in Clusters 1 (53%), 2 (54%), and 3 (53%) experienced inflammation or infection of the 
eye; however, Cluster 2 had other symptoms frequently observed in SS higher than 
the other clusters, such as spondylosis (47%; p < 0.05) (e.g., backache, lumbago, cervi-
cal and lumbosacral spondylosis without myelopathy) and upper respiratory infections 
(42%; p < 0.04) compared with Cluster 3 as well as higher upper respiratory disorders 
(48%) with Cluster 3 (p = 0.01) and Cluster 4 (p = 0.02). The patients with SS in Cluster 
4 appeared to have less cutaneous symptoms (e.g., inflammatory condition of skin as 
well as skin and subcutaneous tissue infections) (p < 0.05) than the other clusters but 
had a higher risk of manifesting lower respiratory diseases as compared with Cluster 3 
(p = 0.03) (Fig. 4A top).

The patients with SLE in different clusters also demonstrated highly diverse clinical 
manifestations, specifically in blood, renal, and cutaneous-related symptoms (Fig. 4 bot-
tom). Both Clusters 3 and 6 exhibited significantly higher proportions of patients with 
the two manifestations, where more than half had deficiency and other anemia (50% and 
65%, p < 0.001) and nephritis (52% and 51%, p < 0.001). Clusters 1, 2, and 3 significantly 
displayed higher proportions of patients with discoid lupus (55%, 67%, and 60% respec-
tively); however, Cluster 2 had higher proportions of patients with inflammatory con-
ditions of skin (61%) and skin and subcutaneous tissue infections (32%) than Cluster 1 
(46%; p = 0.03 and 23%; p < 0.05). In contrast, Clusters 4 and 5 manifested less diversity 
than the other clusters.

Clinical manifestations in RA were relatively homogeneous (Fig. 4A middle). Clusters 
1, 2, and 3 had a higher risk of being diagnosed with osteoarthritis than the other three 
clusters (p < 0.05). While Cluster 3 had a higher proportion of patients with upper respi-
ratory infections (53%) than those in Cluster 5 (11%, p = 0.01). Furthermore, Cluster 4 
had higher proportions of patients with both upper respiratory disease (42%; p < 0.05) 
and urinary tract infections (42%; p = 0.02) when compared with Cluster 5.

We implemented the same clinical implication analysis but without stratifying by 
SADs. The heterogeneities in clinical manifestations were still observable (Supplement 
Fig. 2).

Discussion
We successfully deciphered the heterogeneity in common SADs and obtained six clini-
cally meaningful clusters by applying the simultaneous dimension reduction and cluster 
analysis approach to immunomarker data. The results revealed relationships between 
diseases that are not apparent with classical diagnoses alone. Based on the clustering 
results, parts of SLE and SS cases were clustered together in Cluster 2 (Fig. 2), indicating 
that these cases, despite having different classical diagnoses, were more closely related 
at the molecular level. This biomarker-based clustering also showed clinical relevance 
(Fig. 4), suggesting that re-classification through this approach could provide clinically 
significant subgroups of SADs. In addition to including common SADs approach, we 
also clustered specific SADs into subgroups (Fig. 2C). These clusters revealed consider-
able differences in the abnormality pattern of immunomarkers (Fig. 3), which aligns with 
the observation in a previous study [19], and the occurrence of clinical manifestations.
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Heterogeneity in major SADs

The cluster analysis results revealed heterogeneity in the major SADs (Fig. 2B and C). 
Moreover, the level of heterogeneity considerably differed among the SADs. High het-
erogeneity was noted for SS. Patients with SS were majorly clustered into Clusters 1 and 
2. Although fewer patients were grouped into Clusters 4 and 5, patients with SS domi-
nated the two clusters. Similar heterogeneity was also identified for SLE. Patients with 
SLE were predominantly distributed in Clusters 2 and 3, but the proportions of the 
patients were both higher in Clusters 3 and 6. By contrast, RA revealed relatively low 
heterogeneity (Fig. 2C).

The pattern of immunomarkers differed among the six clusters. Patients with SLE and 
SS in Cluster 2 presented more closely than typical cases in Clusters 3 and 6 (typical 
SLE) and Clusters 4 and 5 (typical SS), respectively. Similarly, the patients with SS in 
Cluster 1 were similar to those with RA. The results implied that in specific clusters (e.g., 
Clusters 1 and 2), the SADs would manifest atypically with immune features that can be 
found in other SADs: patients with SS in Cluster 1 would manifest more RA-like fea-
tures, whereas SS in Cluster 2 would manifest more SLE-like features. Thus, compared 
with the current diagnostic standards of SADs, the clustering-based categorization of 
the SADs would be a more representative and data-driven definition.

Association between immunomarkers and clinical manifestations

A SAD classification system considering heterogeneity, such as in the pattern of immu-
nomarker presentation or manifestations, enables us to delineate various underlying 
pathological mechanisms for identical diseases classified by the current system. While 
we reached a similar conclusion with a previous study in the pattern of immunomarkers 
between clusters [19], we further associated these clusters with clinical manifestations. 
Our results revealed the links between particular patterns of immunomarker presence 
(Fig. 3) and the occurrence of clinical manifestations (Fig. 4), providing additional value 
in identifying SAD subgroups.

Association between immunomarkers and clinical manifestations for SS

A meta-analysis revealed significant associations between primary SS and various malig-
nancies; risks were especially unneglectable in non-Hodgkin lymphoma, leukemia, 
myeloma, and autoimmune disease malignancy [27]. Moreover, a cohort study revealed 
significant predictors of lymphoproliferative diseases, such as purpura/skin vasculitis, 
low C3 levels, and low C4 levels [28], which were also observed in our study (Cluster 3, 
Fig. 3A).

Xerophthalmia is a common ocular manifestation of SS. Clusters 4 and 6 revealed 
higher frequencies of dry eye (61% and 67%, respectively) and differences in anti-SSA 
and anti-SSB results compared to other clusters (Fig.  3A). A study reported that the 
presence of anti-SSA/Ro concurrently with anti-SSB/La would deteriorate the ocular 
manifestation of SS [29]. We observed a similar trend where xerophthalmia appeared to 
be more prevalent in Clusters 4 and 6 (having higher proportions of anti-SSA and anti-
SSB positivity) than in Cluster 5 (only anti-SSA positivity).

We identified that Clusters 2, 4, and 5 had more patients with back pain problems 
(47%, 43%, and 46%, respectively). Although a few studies have reported that patients 
with SS were affected by spondyloarthritis, the connections between them and the 
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pathology remained inconclusive [30, 31]. By contrast, Cluster 4 had more patients with 
lower respiratory tract disease. A previous study revealed that the lower respiratory tract 
can be affected by SS, including the lung parenchyma, mainly with interstitial lung dis-
ease, airways, vasculature, and pleura [32].

Association between immunomarkers and clinical manifestations for SLE

An association between immunomarkers and clinical manifestations was noted in Clus-
ters 3 and 6. Renal compromise, anemia, and inflammatory condition of the skin, which 
manifests by patients with relapsing or active SLE, are of great concern to prognosis. 
The patients in Cluster 3 appeared to have a propensity for severe SLE comorbidities. 
Elevated ds-DNA and decreased C3 and C4 levels were correlated with severe disease 
activity [33, 34] and renal flares [35]. In addition, progressively simultaneous reductions 
in C3 and C4 levels and increasing ds-DNA levels may be helpful predictors for future 
relapses in serologically active clinically quiescent SLE [36].

A cross-sectional study reported that the expression of anti-dsDNA and anti-SSA was 
higher in patients with SLE without discoid lupus erythematosus (DLE−/SLE+) than in 
those with DLE (DLE+/SLE+) [37]. We observed a similar trend in our study: Cluster 
6, which had lower cutaneous manifestations, had a higher proportion of patients with 
positive results for anti-SSA than Clusters 1, 2, and 5, which had higher cutaneous mani-
festations. Moreover, the contribution of anti-RNP-Sm to DLE remains unclear, showing 
contradictory results in recent studies [37–39].

DLE indicates that patients may undergo a benign lupus course and have a lower 
risk of renal involvement [37]. However, this trend was only observed in Clusters 1, 2, 
and 5; we observed a negative correlation – by performing a multiple logistic regres-
sion with the covariates of sex, anti-SSA, and anti-RNP-Sm – between discoid lupus and 
renal compromise for all the patients with SLE in the three clusters (ORadj for discoid 
lupus = 0·47; 95% CI = 0·34–0·65).

Association between immunomarkers and clinical manifestations for RA

Although no difference in common comorbidities was noted between clusters for RA, 
several extraarticular manifestations displayed a higher occurrence in some clusters. 
The most common manifestations were upper respiratory infections and lower respira-
tory diseases in Cluster 3, and upper respiratory disease and urinary tract infections in 
Cluster 4. Lung involvement significantly contributes to mortality and morbidity in the 
extraarticular manifestations of RA. The involvements often correlate with treatment 
agents, longstanding diseases, infections, and health behaviours [32].

Limitations

The ACR/EULAR 2019 criteria for SLE require ANA positivity. Some SLE diagnoses in 
our study may not meet these updated criteria. Besides, ANA was chosen as the initial 
biomarker and patients without ANA test were excluded. Nevertheless, it’s important 
to note that ANA is a nearly essential test for individuals with suspected autoimmune 
diseases, despite its suboptimal diagnostic accuracy in certain autoimmune conditions 
like RA. Consequently, while the entry criteria might raise concerns, they are unlikely to 
introduce bias into the study.
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We assumed that the immunomarker results for patients not specifically ordered by 
a physician were within the reference range, except for RF in RA and ANA in SLE and 
SS cases. Physicians use expertise to determine test necessity for diagnosis and tailor 
treatments in clinical settings. This assumption, while introducing bias, seemed plau-
sible because SAD symptoms strongly correlate with autoantibody presence, helping us 
address missing data mechanisms. Additionally, the plausibility and efficacy of imputing 
missing values with normal values have been reported [15]. Notably, ANA seronegativ-
ity in SLE cases is rare, and post-diagnostic ANA seropositivity is common in primary 
SS [16, 17]. Therefore, we imputed RF and ANA antibodies in a disease-specific manner. 
Moreover, some diagnostically valuable tests not covered by NHI (e.g., anti-citrullinated 
peptide antibody) were excluded due to high missing rates.

Other limitations include coding bias when using the diagnosis codes to identify 
clinical manifestations. We used an inclusion algorithm (codes appearing at least twice 
within a specified time) to reduce misclassification. Major SADs are not limited to RA, 
SLE, and SS, and patient with multiple SADs is not uncommon – constituting nearly a 
quarter (24.9%) of SAD patients in our database. While the prevalence of certain other 
SADs, like systemic sclerosis (SSc), is relatively lower in our database, we intend to con-
tinue collecting data on patients with various SADs and those with multiple SADs for 
future in-depth analyses.

Finally, our study primarily focused on Han Taiwanese patients, which limits the gen-
eralizability to other ethnicities.

Conclusion
We developed an immunomarker–driven clustering method for major SADs based on 
large-scale data. High heterogeneity was identified for the conventional SADs among 
these immunomarker-based clusters. Moreover, clinical manifestations correlated well 
with the immunomarker-driven clustering, implying that the clustering method could 
recognise more clinically relevant subgroups. By identifying these clinically relevant 
subgroups, physicians can focus on specific risks and tailor their management strate-
gies accordingly. This approach facilitates personalized treatment plans and ensures that 
high-related features are closely monitored.
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