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Abstract

Background Primary Sjogren’s syndrome (pSS) and autoimmune thyroiditis (AIT) share overlapping genetic and
immunological profiles. This retrospective study evaluates the efficacy of machine learning algorithms, with a focus
on the Random Forest Classifier, to predict the presence of thyroid-specific autoantibodies (TPOAb and TgAb) in pSS
patients.

Methods A total of 96 patients with pSS were included in the retrospective study. All participants underwent a
complete clinical and laboratory evaluation. All participants underwent thyroid function tests, including TPOAb and
TgAb, and were accordingly divided into positive and negative thyroid autoantibody groups. Four machine learning
algorithms were then used to analyze the risk factors affecting patients with pSS with positive and negative for
thyroid autoantibodies.

Results The results indicated that the Random Forest Classifier algorithm (AUC=0.755) outperformed the other three
machine learning algorithms. The random forest classifier indicated Age, IgG, C4 and dry mouth were the main factors
influencing the prediction of positive thyroid autoantibodies in pSS patients. It is feasible to predict AT in pSS using
machine learning algorithms.

Conclusions Analyzing clinical and laboratory data from 96 pSS patients, the Random Forest model demonstrated
superior performance (AUC=0.755), identifying age, IgG levels, complement component 4 (C4), and absence of dry
mouth as primary predictors. This approach offers a promising tool for early identification and management of AT in
pSS patients.

Trial registration This retrospective study was approved and monitored by the Ethics Committee of The Third
Affiliated Hospital of Sun Yat-sen University (No.l12023-254-02).
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Background

Primary Sjogren’s syndrome(pSS) is a chronic autoim-
mune systemic inflammatory disease characterized by
involvement of exocrine glands such as salivary glands
and lacrimal glands. Because of the interaction between
both genetics, hormonal and environmental factors in
disease’s pathogenesis [1], pSS can also manifest systemi-
cally, affecting various organs and potentially leading to
complications such as interstitial lung disease, renal
tubular acidosis, and lymphoma. This systemic nature
and the complex interplay of immunological factors make
pSS a multifaceted disease with significant diagnostic and
management challenges.

Autoimmune thyroiditis(AIT), including Graves’ dis-
ease and Hashimoto’s thyroiditis(HT), represent the
most prevalent form of organ-specific autoimmune dis-
orders. They are characterized by the dysfunction of
the thyroid gland due to immune-mediated destruc-
tion, often accompanied by the presence of circulat-
ing thyroid-specific autoantibodies such as anti-thyroid
peroxidase (TPOAb) and anti-thyroglobulin (TgAb) [2].
Like pSS, AIT involves a complex pathogenesis where
genetic predisposition interplays with environmental
triggers. Multiple studies have found AIT was frequently
associated with diffuse connective tissue diseases, espe-
cially systemic lupus erythematosus(SLE), rheumatoid
arthritis(RA) and pSS [3, 4]. Studies have reported the
prevalence of primary Sjogren’s syndrome with thyroid
involvement is estimated to be approximately as high as
30-40% [5, 6]. The coexistence of pSS and AIT has been
well-documented, suggesting shared pathological mecha-
nisms and perhaps a common genetic background pre-
disposing to autoimmunity [2, 7]. For example, SS and
AIT both exhibit a familial clustering pattern. Addition-
ally, The expression of HLA-B8 and DR3 in both AIT
and pSS. Furthermore, some environmental factors,
such as virus infection and vitamin D deficiency, might
be implicated in the pathogenesis of AIT and pSS [8, 9].
The frequent overlap of these conditions necessitates a
deeper understanding of their co-morbidity, which could
lead to more effective screening and management strate-
gies. Besides, there was a 67-fold increased risk of thy-
roid MALT lymphoma in autoimmune thyroiditis and a
44-fold increased risk of parotid lymphoma in pSS [10].
A high risk of lymphoma in pSS and AIT patients was
both reported, which further reduce the quality of life of
patients.

Emerging evidence suggests that machine learn-
ing techniques can provide significant insights into
the complex patterns of autoimmune diseases, poten-
tially predicting disease onset and progression with

greater accuracy than traditional statistical methods. For
instance, machine learning methods are used to assess
comorbidity clusters in RA [11]. Similarly, it may be a
promising tool for dissecting the intricate interactions
between clinical and laboratory features in pSS patients,
predicting the likelihood of concurrent AIT.

This study aims to harness the power of advanced
machine learning algorithms to predict the presence of
AIT in patients with pSS. By identifying key predictive
factors, this research seeks to contribute to the person-
alized management of pSS, facilitating early interven-
tion and tailored treatment strategies to improve patient
outcomes.

Methods

Study design and population

This is a retrospective cross-sectional study was con-
ducted at the Seventh Affiliated Hospital of Sun Yat-
sen University, Shenzhen, China, from October 2020 to
December 2022. The study was approved and monitored
by the Ethics Committee of The Third Affiliated Hospital
of Sun Yat-sen University (No0.112023-254-02). Because of
the retrospective nature of the study, the requirement for
informed consent was waived. All 96 pSS patients who
presented to rheumatology Immunology department of
our center were consecutively included. All patients were
aged between 20 and 70 and met the classification estab-
lished in 2002 by the American and European Consensus
Group [12]. All pSS patients were divided into 2 groups
based on TPOAb/TgAb positive or negative.

Clinical and Laboratory assessments

All participants underwent a comprehensive clini-
cal evaluation including symptoms assessment for dry
mouth and dry eyes. Basic tear secretion was evaluated
by a professional ophthalmologist using the Schirmer
test. Laboratory investigations included complete thy-
roid function tests (TPOAb and TgAb levels determined
by chemiluminescent immunoassay), complete blood
count, immunoglobulin levels (IgG, IgA, IgM), comple-
ment components (C3, C4), and vitamin D (VitD) levels.
TPOAD and TgAb were also determined using chemilu-
minescent immunoassay with an optimum cut-off level of
4.11 IU/ml and 5.61 IU/ml, respectively.

Data preprocessing

Our study utilizes a dataset from patients diagnosed with
primary Sjogren’s syndrome to predict the presence of
AIT, specifically measured by the presence of thyroid-
specific antibodies (binary outcome: 0 or 1). The dataset
includes 14 features, including Age, Gender, Dryness of
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eye, Dryness of mouth, Basic tear secretion, ANA titer,
SSB, SSA, VitD, IgG, C4, IgA, C3, IgM.

The data preprocessing steps involved the following 4
points:

+ Handling Missing Values: Missing values were
imputed using the median for continuous variables
and the mode for categorical variables. This method
ensures that the imputed values do not skew the data
distribution.

+ Normalization: Continuous variables were
standardized to have zero mean and unit variance.
Standardization is essential to ensure that features
with larger ranges do not dominate the model
training process.

+ Encoding: Categorical variables, such as gender,
were encoded using one-hot encoding to convert
them into a numerical format suitable for machine
learning algorithms. This encoding avoids ordinal
relationships between categories that could mislead
the model.

+ Binarization: The target variable (thyroid-specific
antibodies) was binarized into 0 and 1. This
binarization simplifies the problem into a binary
classification task.

Model building
Four machine learning algorithms were employed for
classification modeling:

1. Logistic Regression (LR): A linear model commonly
used for binary classification tasks. It models the
probability of the default class (presence of thyroid-
specific antibodies) using a logistic function.

2. Support Vector Machine (SVM): A classifier that
finds the optimal hyperplane that separates the data
into classes. We used a radial basis function (RBF)
kernel to handle non-linear relationships.

3. Random Forest Classifier (RFC): An ensemble
learning method that builds multiple decision trees
and merges them to get a more accurate and stable
prediction.

4. Extreme Gradient Boosting (XGB): An advanced
implementation of gradient boosting algorithm that
optimizes the model’s performance by combining the
predictions of multiple weak models to form a strong
learner.

The models were trained and evaluated using 5-fold
cross-validation to ensure robustness. Cross-validation
helps to mitigate overfitting and ensures that the model’s
performance is consistent across different subsets of the
data. The evaluation metrics included the area under
the receiver operating characteristic curve (AUC-ROC),
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accuracy (ACC), positive predictive value (PPV), nega-
tive predictive value (NPV), sensitivity (SENS), specificity
(SEPC), and F1-score, as depicted in the ROC curve plot
and the table of metrics.

Statistical analysis

Statistical analyses were conducted using Python’s
Scikit-learn library. Differences in clinical characteristics
between the antibody-positive and antibody-negative
groups were analyzed using the Mann-Whitney U test for
continuous variables and the chi-square test for categori-
cal variables. A p-value of less than 0.05 was considered
statistically significant.

Interpretability analysis

To interpret the feature importance in the models, we
used SHapley Additive exPlanations (SHAP). The SHAP
summary plot highlights the impact of each feature on
the model’s output. Importance: The SHAP summary
plot demonstrates the importance of each feature in pre-
dicting the presence of thyroid-specific antibodies. The
features are ranked based on their mean absolute SHAP
values, with higher values indicating greater importance.

Results

Participant characteristics

Of the 96 patients enrolled in the study, 48 tested posi-
tive for thyroid-specific autoantibodies (TPOAb and/or
TgAb), while the other 48 were negative. The average age
of the antibody-positive group was 47+11 years, com-
pared to 48114 years in the antibody-negative group.
The majority of participants in both groups were female,
with 92% in the antibody-positive group and 90% in the
antibody-negative group. 71% (68/96) of all patients had
a disease duration of less than five years. 34% (33/96)
of the patients had received glucocorticoid treatment,
while 46% (44/96) had received disease-modifying anti-
rheumatic drugs(DMARDs). Among patients taking
DMARDs, hydroxychloroquine was most commonly
used, followed by methotrexate. The results of clinical
characteristics of two groups were shown and compared
in Table 1.

Clinical and laboratory findings

Comparison between the two groups revealed that
patients with positive thyroid autoantibodies reported
significantly lower prevalence of dry mouth symptoms.
The levels of IgG and C4 were significantly lower in pSS
with positive thyroid-specific autoantibodies. Other clin-
ical and laboratory findings, including basic tear secre-
tion and VitD levels, showed no statistically significant
difference in Table 1. (Table 1 was shown at the end of the
document)
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Table 1 Characteristics, Clinical and Laboratory data of 96
participants with or without thyroid specific autoantibodies

Variable pSS with TPOAb pSS with-
and/or TgAb (n=48) outTPOAb
and TgAb
(n=48)
Age (years) 47+11 48+ 14
Female (n, %) 44 (92%) 43 (90%)
Disease Duration (n, %)
< 1vyear 19 (40%) 16 (33%)
>1 year, <5 years 18 (38%) 15 (31%)
>5 years 11 (23%) 17 (35%)
Medication history
Glucocorticoid 15 (31%) 18 (38%)
DMARDs 19 (40%) 25 (52%)
Symptoms(n, %)

Dryness of mouth 22 (46%) 37 (77%)
Dryness of eye 38 (79%) 37 (77%)
Basic tear secretion (mm) 7.66+442 955+5.18
IgA (g/L) 265+0.98 2.75+0.98
I9G (g/L) 15.27+3.82 16.35+547
IgM (g/L) 1144058 125+0.83
C3(g/V) 099+0.17 1.05+0.19
C4 (g/L) 0.21+0.06 0.22+0.08
VitD (ng/ml) 23.86+6.78 24914625

ANA (n, %)
<1/320 16 (38%) 18 (33%)
>1/320 30 (63%) 32 (68%)
SSA positive 31 (65%) 35 (73%)
SSB positive 12 (25%) 25 (52%)
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Remarks: pSS primary Sjogren’s syndrome, TPOAb anti-thyroid peroxidase,
TgAb anti-thyroglobulin, VitD vitamin D, DMARDs disease-modifying

antirheumatic drugs

Model performance

The performance metrics for the four machine learn-
ing algorithms are as follows: Random Forest Classifier
(REC) achieved the highest AUC of 0.755, with an accu-
racy of 77%, PPV of 72%, NPV of 82%, sensitivity of 87%,
specificity of 64%, and an F1 score of 0.75. Support Vec-
tor Machine (SVM) recorded an AUC of 0.690, with met-
rics slightly lower than those of RFC. Extreme Gradient
Boosting (XGB) and Logistic Regression (LR) showed
moderate performance with AUC values of 0.652 and
0.552, respectively. The AUC values and other perfor-
mance metrics are summarized in the Table 2.

False Positive Rate

Fig. 1 The ROC curves for the four machine learning algorithms

ROC curve analysis

The ROC curves for each model are depicted in Fig. 1
below. The ROC plot illustrates that RFC not only pro-
vided the highest AUC but also maintained a balance
between sensitivity and specificity, outperforming the
other models in predicting the presence of thyroid-spe-
cific autoantibodies in pSS patients.

Feature importance

The Random Forest model indicated that the most influ-
ential predictors were age, IgG levels, C4, and symptoms
of dry mouth. A detailed SHAP summary plot illustrates
the impact of each feature on the model’s output in Fig. 2
below, confirming the significant role of these factors in
the model’s predictions.

Discussion
In this study, 96 patients diagonosed pSS were enrolled
and analyzed to identify the predictors for AIT. We
collected 14 demographic and clinical characteristics
to identify the predictors for AIT. We created a ran-
dom forest classifier, which is a part of machine learn-
ing, providing a more accurate prediction for the risk
of AIT (AUC=0.755) than logistic regression model
(AUC=0.552). In our study, AUC and ROC curves con-
firmed that the RFC model, based on predictors per our
findings, had greater predictive efficiency than LR model,
was widely reported in other disciplines as well [13, 14].
Autoimmune diseases affect approximately one in ten
individuals [15]. There may be common pathogenesis or

Table 2 The AUC values and other performance metrics for the four machine learning algorithms

Metric ROC ACC PPV NPV SENS SEPC F1

LR 0.552 0.55 0.57 0.53 0.53 0.57 0.55
XGB 0.652 0.66 0.65 067 0.73 0.57 0.66
SVYM 0.690 0.69 0.71 0.67 0.67 0.71 0.69
RFC 0.755 0.77 0.72 0.82 0.87 0.64 0.75

Remarks: LR Logistic Regression, XGB Extreme Gradient Boosting, SVM Support Vector Machine, RFC Random Forest Classifier, ROC receiver operator characteristic
curve, ACC accuracy, PPV positive predictive value, NPV negative predictive value, SENS sensitivity, SEPC specificity
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Fig. 2 The impact of 14 features in pSS patients on the model's output

predisposing factors between different autoimmune dis-
eases, especially between connective tissue diseases and
endocrine diseases. pSS, one of chronic autoimmune dis-
eases, was characterized by lymphocyte infiltration and
specific autoantibodies. The most common thyroid dis-
orders of pSS are autoimmune thyroiditis, mainly caused
by TPOAb and TgAb [16]. Therefore, in this paper, the
detection of TPOADb and TgAb was used as an objective
index to evaluate AIT.

Age, IgG, C4, and dryness of mouth, were the top
four most important characteristics. In our series, age
accounted for the largest proportion of the feature
weight. As known, the peak prevalence of pSS and AIT
occurs between 30 and 50 years in both. Previous stud-
ies found that the peak age of onset in pSS with AITD
patients ranges 45 to 54 years old, consistent with our
study [17]. The patients of pSS with AIT are younger than
those without AIT, in agreement with others [18]. So
younger patients with pSS should pay more attention to
the possibility of autoimmune thyroiditis.

B-cell hyperactivity is a hallmark of pSS [19]. Hyper-
globulinemia is one of the most common clinical

manifestations of B cell hyperactivity. Significant serum
immunological features in pSS patients were hyperglobu-
linemia and positive for multiple autoantibodies, such as
anti-SSA, anti-SSB and ANA. Previous researches proved
that more than 70% of pSS patients have elevated serum
IgG levels [20]. Recent studies showed that hyperimmu-
noglobulinemia can indeed increase death and important
damage to the renal, pulmonary, interstitial, haemato-
logical or neurological involvement [21-23]. In our study,
elevated level or normal range but close to upper limit
IgG levels were observed in both group. However, the
group of pSS with TPOAb and TgAb presented lower lev-
els of IgG than those without. IgG is classified into four
subclasses, IgG1 to IgG4. Previous studies have indicated
that.

IgG1 and IgG4 are mainly elevated in AIT patients, and
IgG1 and IgG3 are mainly in pSS [24, 25]. Despite the
high degree of homology in the amino acid sequence of
IgG subtypes, they have unique characteristics in binding
antigens, activating complement, triggering effect cells,
and tissue distribution. In several studies recently, immu-
nohistochemistry has indicated numerous 1gG4-positive
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plasma cells in a fraction of HT [26, 27]. Another study
showed that IgG4 HT, grouped based on immunostain-
ing results of thyroid, had higher levels of thyroid auto-
antibodies compared to those classified as non-IgG4
positive [28]. These findings indicate that the IgG4 sub-
type of AIT is prone to deposit and destroy thyroid cells
in endocrine gland tissue. Therefore, although serum
IgG levels in pSS patients with AIT do not appear to be
higher, there may be a specific IgG subtype that is more
readily distributed to the affected glands. Regrettably, our
study did not investigate the distribution of IgG subtypes
and IgG deposition in the affected tissues of patients with
positive thyroid autoantibodies, which may be an impor-
tant research direction for the future. We hope future
studies can better answer this question.

In addition, we found that C4 levels of pSS with TPOAb
or TgAb are lower. The same results was found in pSS
with HT [18]. The results of this study showed that pSS-
AIT patients had lower C4 levels. In a large cohort of 921
Spanish patients with pSS, reduced C3 and C4 comple-
ment fractions at the pSS diagnosis was observed and this
finding was associated with disease activity [29]. Hypo-
complementaemia was detected in 24% of patients with
pSS and low C4 level was also closely associated with the
two main adverse outcomes of lymphoma development
and death [30]. Another survey of 723 patients with pSS
found that low levels of C4 and obvious purpura were the
most threatening risk factors for lymphoma after 6 years
follow-up [31]. High titer TPOAD is one of the main
causes of AIT. The mechanism is that TPOAb destroys
thyroid tissue through antibody-dependent cytotoxic-
ity and complement-dependent cytotoxicity, leading to
reduction of complement components. This implies that
high titer thyroid autoantibodies in pSS patients may
activate complement-dependent cytotoxicity leading to
high disease activity or multiple organ dysfunction, and
even lymphoma.

In our study, no symptom of dry mouth is a risk fac-
tor for developing pSS with AIT. From the analysis of 100
Italian patients affected by pSS, it was similarly found
that pSS associated with HT, a common subtype of AIT,
complained less frequently of xerostomia [18]. A cross-
sectional study included 305 subjects with sicca symp-
toms showed that high prevalence of AIT in subjects
with sicca symptoms, especially mouth dryness [4]. In
this study, AIT precedes SS in only 13% of patients. In
50% of patients, the diagnosis of HT was secondary to
pSS after a mean follow-up of 5.5 years [17]. It means that
symptoms of eyes or mouth dryness should be seriously
considered as a possible symptom of SS, as well as AIT
(sometimes both). Therefore, we need to actively screen
thyroid function and thyroid autoantibodies in the initial
diagnosis of pSS and subsequent follow-up.
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Our study is not without limitations. First, retrospec-
tive design limits our ability to draw causal inferences
from the associations found. The sample size, while ade-
quate for initial explorations, is relatively small for gen-
eralizing the findings across diverse populations. Second,
this study lacks the collection of thyroid ultrasound data.
The absence of TPOAb and TgAb in some AIT patients
may be helpful in the diagnosis based on the ultrasound
features of the thyroid gland. Thirdly, our study did not
explore the distribution of serum IgG subtypes and the
deposition of IgG subtypes in thyroid glands. Future
studies should aim to include a larger cohort to validate
these predictors and potentially uncover new ones.

Conclusion

In summary, this study demonstrates the utility of a Ran-
dom Forest Classifier for predicting the presence of auto-
immune thyroiditis in patients with primary Sjogren’s
syndrome, identifying age, IgG levels, C4, and absence
of dry mouth as significant predictors. These findings
are significant given the high prevalence of pSS-AIT
co-occurrence and the potential for early therapeutic
intervention.

Abbreviations

pSS Primary Sjogren’s syndrome

AIT Autoimmune thyroiditis

HT Hashimoto's thyroiditis

TPOAb Anti-thyroid peroxidase

TgAb Anti-thyroglobulin

SLE Systemic lupus erythematosus

RA Rheumatoid arthritis

LR Logistic Regression

SVM Support Vector Machine

RFC Random Forest Classifier

XGB Extreme Gradient Boosting

AUC ROC-The area under the receiver operating characteristic curve
ACC Accuracy

PPV Positive predictive value

NPV Negative predictive value

SENS Sensitivity

SEPC Specificity

DMARDs  Disease-modifying antirheumatic drugs
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