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Introduction

Besides primary Sjögren’s syndrome (pSS) is generally assessed through biological markers, growing evidence suggests that psychological and social factors—such as anxiety, depression, personality traits, and social support—may also play a role in disease burden. Relative contribution of these biopsychosocial dimensions to disease activity in pSS, however, has not been quantitatively compared. This study aimed to evaluate the predictive weight of different factors in determining both objective and subjective disease burden using machine learning (ML) models.





Methods

117 pSS patients, whose biological (blood cell counts, complement activity, IgG, RF, SSA, SSB), psychological (personality traits, depression, anxiety, basic self-esteem assessed via self-reported questionnaires), and social (socioeconomic status and social support) measures were collected in a composite database. Outcome variables were SSA/SSB autoantibodies and EULAR Sjögren Syndrome Patient Reported Index (ESSPRI), as indicators of biological and perceived disease burden, respectively. Three machine learning algorithms were trained to predict outcome variables, first by each measure category, then on the entire set of predictor variables. Permutation feature importance was used to assess the importance of the predictors. The five most important predictors were selected for all target outcomes.





Results

Concerning autoantibodies, the model performed best with biological input only, in the case of ESSPRI, the complete dataset gave the best performance. Trait anxiety was selected as important negative predictor of both autoantibodies. Besides, biological measures (IgG, RF, platelet count) and age were among the five most important features. State anxiety and temperament trait ‘Fatigability’ were important positive predictors of ESSPRI, while character trait ‘Pure-hearted conscience’, IgG and RF were important negative predictors.





Conclusions

Unexpected psychobiological correlations, like trait anxiety and IgG/RF as negative predictors of autoantibodies and ESSPRI, respectively, suggest different (immunobiological and psychosomatic) disease mechanisms and symptom burden. Importance of psychological factors in estimating disease burden may pave the way toward novel, more sensitive diagnostic tools and therapeutic methods and better understanding of pathomechanisms of pSS.
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1 Introduction

Primary Sjögren syndrome (pSS) is a chronic autoimmune exocrinopathy, which main clinical hallmarks are dryness of the mouth (xerostomia) and the eye (xerophthalmia, keratoconjunctivitis sicca), fatigue and joint pain. Besides, several extraglandular manifestations may occur, affecting inter alia the central and peripheral nervous system and the mental health as well (1). PSS has a pronounced female propensity and is more prevalent in the Caucasian population. The mean age of onset is usually in the 40s to 50s (2). A recent study draws the attention to the increasing incidence and prevalence of autoimmune diseases worldwide (by 19.1% and 12.5% yearly, respectively), and yet the understanding of these conditions is still fragmentary (3).

In line with the biopsychosocial model of health, pSS, as a chronic disorder is evoked and regulated by multiple factors. As for the biological side, wide range of autoantibodies can be detected in pSS, associated with the autoimmune inflammation, among which anti-Ro/SSA (SSA), anti-La/SSB (SSB) and rheumatoid factor (RF) are the most common ones, but cryoglobulins and antinuclear antibodies may also be produced. Besides being a diagnostic sign of pSS, the presence of SSA and SSB (detected in 60-70% of the patients) is associated with earlier disease onset, sicca symptoms and extraglandular manifestations together with other B-cell activation markers (4).

Psychological factors, such as depression, anxiety, cognitive symptoms and many more have long been known as phenomena determining the mental health of pSS patients (1, 5–7). Personality traits typical for pSS have also been identified, thus, hypochondria, depression, hysteria domains of the Minnesota Multiphasic Personality Inventory (1, 8), neuroticism and psychoticism scales of the Eysenck Personality Questionnaire (9) and neuroticism scale of the Revised NEO Personality Inventory (10) were proven to be more pronounced among these patients. Milic et al. found lower levels of Extraversion and Openness domain of the NEO-PI-R among pSS patients compared to healthy controls. Furthermore, these personality traits were associated with the severity of dryness, pain and fatigue administered by ESSPRI, indicating that personality traits and perceived symptom severity are related to each other (11). The psychobiological model of personality, which would allow to establish neurobiological correlations of personality traits, however, has not been investigated in pSS to our knowledge. Very few information is available concerning the disease modifying effect of social factors regarding this condition, although its characteristics (female predominance, high geographical and cultural variation, late onset) may indicate socioeconomic impact besides the genetical one.

As for the methods, there is increasing interest around artificial intelligence and machine learning (ML) in science generally and in medical research specifically. So far, studies conducted using ML in pSS aimed the technological improvement of diagnostic tools (12–14). Factors involved in the development and modification of the disease have not been studied this way. The disease is highly heterogenous in its manifestation, making it difficult to reveal, how different mechanisms influence it in the background. Furthermore, most prior studies have examined different domains in isolation, limiting the understanding of how psychological and social characteristics compare in predictive strength to traditional biological markers. Hence, the study aim was to estimate the relative importance of biological, psychological, and social factors in predicting both objective immunological markers (SSA/SSB autoantibody status) and subjective disease burden (ESSPRI scores) in pSS. Given the high-dimensional dataset involving many diverse variables, ML algorithms were preferred over traditional biostatistical methods due to their ability to handle complex data with many correlated variables and to potentially reveal nonlinear relationships (15).

The hypotheses of the study were the followings: [1] In the case of autoantibodies, it was expected that their serum levels would be primarily predicted by biological factors, with psychological and social factors also contributing to a lesser extent. [2] Regarding ESSPRI, it was speculated that psychological and social variables would serve as more important predictors than biological ones. [3] According to previous assumptions, impaired psychological functions (e.g. higher levels of depression or anxiety) will predict worse immunological status and higher disease activity scores. [4] Finally, it was hypothesized that among temperament and character traits, Harm Avoidance would exert the most significant influence on the prediction of subjective disease burden, given its previously reported associations with neuroticism (16) - a personality dimension found relevant in pSS, as mentioned above- as well as its links to serotonergic functioning and hence, affective symptoms.




2 Materials and methods



2.1 Materials



2.1.1 Participants

The data was collected at the Autoimmune Sjögren specialty clinic, Division of Clinical Immunology, Institute of Internal Medicine, Clinical Centre, University of Debrecen. The initial dataset consisted of 127 patients, 10 participants were excluded later due to incomplete information, resulting finally in 117 patients (105 females, 12 males; aged between 30 and 82 years, mean age = 59.62 ± 13.22). The inclusion criteria were the primary nature of the disease and intact cognitive functions. The study was conducted according to the guidelines of the Declaration of Helsinki and approved by the Institutional Ethics Committee of the University of Debrecen (protocol code: 5614-2020, date of approval: 17.12.2020). Informed consent was obtained from all subjects involved in the study.





2.2 Measures



2.2.1 Sociodemographic questions

The patients answered a list of sociodemographic questions covering various background information including gender, age, highest level of education, settlement type, smoking habits, family status, number of children and satisfaction with family life.




2.2.2 Biological measures

First, laboratory data of the patients including neutrophil granulocyte count (Neu), lymphocyte count (Ly), hemoglobin concentration (HGB), platelet count (PLT), complement component C3, C4 and total complement activity (C3, C4 and CH50 respectively), and serum levels of immunoglobulin G (IgG), rheumatoid factor (RF), anti-Ro/SSA (SSA) and anti-La/SSB (SSB) autoantibodies were collected.




2.2.3 Psychological measures

Subsequently, questionnaires and inventories were registered. Revised Temperament and Character Inventory (TCI-R) was applied to assess personality traits. This inventory was chosen because it allows to establish differences between inherited and acquired domains of personality, making possible more delicate conclusions regarding the pathomechanism therefore. The inventory consists of seven scales. The first four are temperament scales, which is considered innate, individual pattern of associative learning that are highly genetically determined and correlate with different neurotransmitters, in the terms of novelty, danger and punishment and reward, and further three are character scales, which are indicators of the maturity of personality and are related to acceptance of the individual self, acceptance of other people, and acceptance of nature in general (17–19). Higher scores on the subscales indicate a more pronounced trait. All scales and subscales were evaluated separately.

Besides, depression was measured applying a shortened, 9-item version of the Beck Depression Inventory (BDI) (20–22). To appraise anxiety, 40-items State-Trait Anxiety Inventory (STAI) was administered (23, 24). Higher scores on these inventories reflect greater depression/anxiety respectively. 18-item version of Basic Self-Esteem Scale (BSE) was also involved, where higher scores denoted stronger self-esteem traits (25, 26). To examine social support available for the patients, 20-item Medical Outcomes Study Social Support Survey (MOS-SSS) was used, in which higher scores on the scales expressed better terms of social support (27–29). The questionnaires were chosen based on their clinical relevance measuring the required variables and considering the compliance of the patients. In the case of all questionnaires and inventories, the previously validated Hungarian version was applied, except for BSE, where only preliminary examinations were conducted (see references above). The questions could be answered on Likert scales (0–3 points in BDI, 1–4 points in STAI, 1–5 points in TCI, BSE and MOS SSS). The detailed structure of the scales and facets of the applied questionnaires are shown in Table 1.


Table 1 | Cronbach’s alpha values of the scales applied in the investigation.






2.2.4 Disease burden

Since disease activity is the outcome variable in the applied statistical model, defining it is an important point in this study. First, perceived disease activity was detected, based on subjective judgment of the patients. Therefore, participants completed the EULAR Sjögren’s Syndrome Patient Reported Index (ESSPRI), which first three questions measure the three hallmark symptoms of the disease (dryness, pain, fatigue) on a 10-point numeric scale, which average gives the ESSPRI score (30). The other target outcomes were SSA and SSB autoantibodies. Since SSA and SSB are well known to be associated with more pronounced extraglandular symptoms and overall less favorable disease course (see reference in Introduction), these antibodies were used as a variable of objective disease burden.





2.3 Statistical analyses

All programming was implemented in Python, using the scikit-learn (version = 1.0.2.) package (31). The dataset was split into training (80%) and test datasets (20%). To avoid information leakage, feature selection as well as parameter tuning were conducted on the training set only. Prior to model training, data were standardized using Z-transformation. Feature selection was carried out using the Least Absolute Shrinkage and Selection Operator (LASSO) with 10-fold cross-validation. Feature importances were obtained by permutation feature importance (n = 100).

For the prediction of target outcomes (i.e. ESSPRI score, SSA and SSB), three algorithms were used: LASSO regression, elastic net regression and support vector regression (SVR). These algorithms were selected for several reasons. First, these methods are widely used and thus, their use may enhance potential comparisons with other studies focusing on autoimmune diseases (e.g (32–34). Second, elastic net regression was selected because of its capability of handling correlated predictors (e.g. laboratory data, TCI-R subscales), while LASSO regression was selected because sparse models were preferred to enhance generalizability by preventing overfitting. In addition, both of these linear algorithms have the advantage of providing rather interpretable models. Finally, SVR was selected to potentially capture non-linear associations and complex relationships enabled by SVR’s kernel trick.

For LASSO and elastic net regression, the parameter alpha was tuned (number of alphas = 500). For SVR, the parameters C {100, 101, 102} and gamma {10-2, 10-1, 100} were tuned with either radial basis function or linear kernel. Model performance was assessed by R2, and root mean square error (RMSE). Model training was achieved by 10-fold cross-validation. The final model evaluation was based on predictive performance achieved on the previously unseen testing dataset. To account for random fluctuations due to random data splitting, the whole procedure was repeated 100 times with different randomization seeds [following Matuz et al. (35)]. Since the distribution of performance metrics was found to be skewed, median was used to describe the center of the distribution and the interquartile range to describe the dispersion of the distribution.

For each outcome variable, the analyses were run with four different sets of predictor variables. First, only biological variables were entered into the model. Second, only psychological variables were entered, while third, only socio-demographic variables were entered into the model. Fourth and final, all three types of variables were used for model training. The aim of this procedure was to directly compare the predictive power of the three types of variables and to compare the complex models (i.e. the ones trained on many kinds of variables) with the sparser models (i.e. the ones trained on one kind of variables).





3 Results



3.1 Clinical data and questionnaires

The Cronbach’s α values of the questionnaires are shown in Table 1. The 7 TCI traits were proven to be reliable (Cronbach α values between 0.72 and 0.86), while their facets showed weaker internal consistency (α =0.48-0.77). Subscales for BSE libido (α =0.63) and aggression (α=0.56) were also less reliable, BDI, STAI and MOS-SSS on the contrary were proven to be reliable scales (α =0.82-0.93). Table 2 demonstrates descriptives of the features later selected most frequently in the statistical model.


Table 2 | Descriptive statistics of the three outcome variables and the top features.






3.2 Feature selection

Figure 1 depicts the importance values of the most important features. Biological variables, immunoglobulin G and rheumatoid factor were among the most important features in all three outcomes. They were positively associated with SSA and SSB, while negatively associated with ESSPRI scores. Platelet count was also one of the most important predictors of SSA and SSB. Higher levels of platelet count were associated with lower levels of both SSA and SSB. In addition, hemoglobin concentration was also one of the top predictors of SSB: higher hemoglobin concentration was associated with lower SSB.




Figure 1 | Importance values of the most frequently selected features based on LASSO regression. White and black colors indicate positive and negative predictors, respectively. Error bars represent the standard deviation. Fatigability represents the 4th facet of Harm avoidance trait, while Pure-hearted conscience represents the 5th facet of Cooperativeness trait of the Temperament and Character Inventory. SSA, anti-Ro/SSA antibody; SSB, anti-La/SSB antibody; ESSPRI, EULAR Patient Reported Index.



Among the psychological variables, trait anxiety was one of the most important predictors of both SSA and SSB, showing a negative relationship with both outcomes. In contrast, for the prediction of ESSPRI scores, the other anxiety-related variable, state anxiety, was selected: higher state anxiety was associated with higher ESSPRI scores. For the prediction of ESSPRI scores, two TCI factors, Fatigability and Pure-hearted conscience, were also among the top predictors. In fact, Fatigability was the most important predictor of ESSPRI scores, and the analyses showed a positive relationship between the two, while Pure-hearted conscience was negatively related to ESSPRI scores. A sociodemographic variable, age, was also found to be important in case of SSA and ESSPRI: older age was associated with lower levels of SSA and higher levels of ESSPRI (mean importance = 0.03, ß = 0.02), however, in the latter case age was not among the top five predictors. Beside age, the top 10 predictors of ESSPRI also included BSE libido (mean importance = 0.03, ß = 0.05), Extravagance (TCI NS3) (mean importance = 0.03, ß = -0.05), hemoglobin concentration (mean importance = 0.03, ß = -0.02) and BDI (mean importance = 0.03, ß = 0.05).




3.3 Model performance

The results of ML algorithms are summarized in Table 3. Here, only the most important findings are reported. For the prediction of ESSPRI scores, the best predictive performance was achieved by the SVR when it was trained on all three kinds of measures. However, a similar performance could be reached by the elastic net regression as well, when trained on psychological variables only. For the prediction of SSA and SSB, the models performed best when they were trained on biological measures only. In case of both outcomes, the best predictive performance was achieved by the LASSO regression. The LASSO regression-based prediction of SSB yielded the overall best performance with an R2 of 0.44 when trained on biological data only.


Table 3 | Predictive performances of the machine learning algorithms.







4 Discussion

To our knowledge, this is the first study investigating the strength of the effect of biological, psychological and social health determinants on disease activity in pSS in one model, using ML. As the results indicate, considering SSA and SSB, the best predictive performances were achieved when using biological models only. In the case of the subjective disease activity marker ESSPRI, the best performance was observed when all disease modifying clusters (i.e., biological, psychological and social factors) were entered into the model simultaneously. Although many papers described the correlation between particular biological, psychological, social factors and disease activity, no comprehensive study was performed to analyze the weight and proportion of their importance in disease modification.

Concerning the main findings, for the prediction of SSA and SSB, the best predictive performance was achieved using biological measures alone. Trait anxiety was the only psychological variable selected as a negative important predictor for both autoantibodies. Besides, biological factors were selected by the model. The proportion of the selected important predictors is congruent with hypothesis 1. Immunoglobulin G count turned out to be the most important predictor of both SSA and SSB, since the majority of these molecules belong to the IgG type (36). Rheumatoid factor, as another common autoantibody present in pSS, was also selected among the five most important predictors for both autoantibodies. Platelet count was the second most important predictor in the case of SSA and the third one in SSB, showing negative associations.

In the case of ESSPRI, combining biological, psychological, and social factors improved model performance, consistently with hypothesis 2. As for the outcomes, Fatigability subscale of the Harm avoidance personality trait turned out to be the most important direct predictor, followed by state anxiety. Pure-hearted conscience (C5) facet of the Cooperativeness trait, however, was proven to be an important negative predictor, alongside with RF and IgG. Hypothesis 4 stated that Harm avoidance was expected to be an important prior to the investigation. This assumption was partially justified, since one of its subscales was uncovered as the most important predictor. Pure-hearted conscience (C5) being an important predictor, however, was an unexpected result. Contrary to the premises stated in hypothesis 1 and 2, social factors and demographic variables, except for age, showed negligible, if any influence on the target outcomes.

Depression and anxiety have long been known as symptoms of pSS (1, 5, 8–10, 37), however, their association with autoantibody production received little empirical support yet. The revealed negative association between trait anxiety and autoantibodies contradicts hypothesis 3, since trait anxiety, which causes greater psychological burden, predicts lesser objective disease burden. One study reported that pSS patients without SSA antibodies experienced a greater psychological burden (9), which is congruent with the present finding of a negative association between autoantibodies and trait anxiety, since trait anxiety has been showed to positively correlate with perceived stress (38).

Generally, the relationship between psychological functions, central nervous system and immune system is mediated by different psychoneuroimmunological pathways. Neuroinflammation (39), cytokine-mediated signaling (40), and blood–brain barrier dysfunction (41) may be relevant in the development of psychiatric symptoms in systemic autoimmune disorders, including pSS. Elevated levels of pro-inflammatory cytokines such as IL-6 and TNF-α have been associated with depression, fatigue, and cognitive impairment, which are frequently reported in pSS (42). Additionally, autoantibody-mediated neural damage and small-vessel CNS vasculitis have been implicated in neuropsychiatric manifestations (43).

Focusing more on mental functions, psychosomatic symptom building, which has already been proven to be present in pSS (44), may also be a key player in seronegative cases with high anxiety levels. Thus, at higher trait anxiety scores, symptoms might occur as the result of somatization in response to physical and psychological stressors, rather than the consequence of immunobiological mechanisms. Alexithymia, which is an important feature in the psychology of pSS (45), may play an important intermediary role in psychosomatic procedures, since it is tightly linked with both trait anxiety (46) and tendencies toward somatization (47). This consequence is, however, speculative and more studies are needed to validate the intermittent role of somatization and alexithymia is symptom making in pSS.

The presence of distinct pathways leading to pSS is reinforced by a study identifying three major disease clusters (B-cell active disease and low symptom burden, high systemic disease activity, low systemic disease activity and high symptom burden) (48), suggesting different disease mechanisms, which may be the consequence of different (e.g. biological, psychological) genetical vulnerability. In addition, the result might be a consequence of a more trivial cause (e.g. methodological artifacts or confounding variables), therefore more studies are needed in this field to clarify this association.

An interesting biological observation is the importance of platelet count in predicting both autoantibodies. A plausible explanation would be that polyclonal B-cell activation depletes the bone marrow, causing thrombocytopenia in addition to other decreased blood cell counts. In addition, complex immunopathological pathways may stand in the background, like TLR7 signaling pathway and P-selectin autoantibodies, which link to thrombocytopenia is known in pSS (49–52). These possibilities are hypothetical and require further studies to verify the exact mechanisms between platelet count and autoantibodies.

State anxiety, on the other hand, was found to be an important predictor of ESSPRI. Similar associations have been revealed in the case of rheumatoid arthritis (53) and systemic lupus erythematosus (SLE) (54). Since ESSPRI is highly based on patients’ illness perception, which is- according to the presented results- influenced by state anxiety, brief psychological interventions (such as brief CBT, psychoeducation) may help to prevent or modify negative illness perception.

Differences between biological and psychological disease burden is reinforced by the finding, that IgG and RF were important negative predictors of ESSPRI. The explanation might be the difference between immunobiological and psychosomatic disease mechanisms mentioned in the case of autoantibodies and trait anxiety. ESSPRI, as a perceived disease activity marker, may reflect more sensitively on predominantly psychologically evoked symptom burden. In addition, the pathogenesis of xerostomia might be different in patients with high perceived disease activity and low serum immunological markers, compared to those with high immunological burden; anxiety induces sympathetic nerve activation, which results in dry mouth (55).

Two facets of the TCI ware chosen as important predictors for ESSPRI in this model. On one hand, fatigue is a clinical hallmark of pSS, hence this finding might seem trivial, on the other hand, however, Fatigability, as a personality trait also has a psychobiological dimension and as such, it may help understanding of the pathogenesis of fatigue and possibly other symptoms of the disease in more depth. Temperament traits (harm avoidance, prominently) influence how patients perceive and report their symptoms (56). Those with higher fatigability may be more vigilant and sensitive to bodily sensations, thereby reporting higher disease activity. Furthermore, harm avoidance was found to correlate negatively with psychological resilience (57), resulting reduced stress tolerance and increased activity of the stress axis and inflammation. Harm avoidance (alongside with its fatigability facet) is associated with serotonin levels (58), therefore, this result raises the possibility, that serotonin metabolism may be the mutual biological background for fatigue and mood symptoms of pSS.

Pure-hearted conscience (C5) facet of the Cooperativeness trait showed negative association with ESSPRI. Cooperativeness is developed through five stages of growth, which are equal to the subscales shown in the description of the scale. The fifth one (C5) can be considered as the final level of personality growth in the compartment of cooperativeness. Compassion, helpfulness, and concern for the rights of others are correlated with self-acceptance, as realized long ago (59), explaining this trait’s positive effect on perceived disease activity. Furthermore, “purehearted” acceptance of principles suggests an advanced level of moral character development in religious traditions throughout the world, emphasizing the relationship between C5 and spirituality (17). Thus, this finding is congruent with our previous work revealing positive impact of spirituality on disease activity in pSS (60). Since C5 is a character trait, which is determined by sociocultural learning, and is modifiable through experience, findings of this study may indicate a potential association between perceived severity of pSS symptoms and social and cultural influences.

Lastly, it is notable, that except for age, none of the social variables were among the most important predictors. Given the importance of social support, which has been described in pSS before (61), it would have been rational to anticipate a higher influence of social factors especially on ESSPRI. In addition, other social and demographic features, such as gender, highest level of education, or the type of settlement the patient lived in, which are well-known health determinants (62), had negligible or no effects at all. The most congruent explanation with the objective of this is that social factors have less impact on the examined aspects of disease activity. However, it is also possible that measurement limitations stand behind this lack of effect, for instance, the applied social variables do not cover appropriately the relevant social determinants of health. Future studies are needed to reveal the disease modifying strength and characteristics of social dimension. Age, however, was an important predictor of SSA and ESSPRI, showing negative and positive association with them, respectively. This finding is consistent with another study, whereas seronegative cases with mainly exocrine dysfunction and little systemic manifestations have been met more common among older pSS patients (63). ESSPRI may be higher in older age also because many hallmark symptoms – dry mouth and eyes, fatigue, and limb pain - are also common features of old age (64).

Overall, model performances differed depending on the algorithms used. Specifically, when the outcome variables were SSA and SSB, elastic net and LASSO regression consistently outperformed SVR, whereas this pattern was not observed when the outcome was ESSPRI, as model performances were much more similar. These performance differences may be attributed to several factors. SSA and SSB may have exhibited predominantly linear relationships with the features, making elastic net and LASSO regression more suitable. This was most pronounced when SSA and SSB were predicted based on biological variables only, suggesting a rather linear relationship between these variables and the outcomes. An alternative explanation is that elastic net and LASSO produced more parsimonious models with a lower risk of overfitting compared to SVR. Similarly, the linear models also slightly outperformed SVR when ESSPRI was predicted based only on psychological variables. This finding suggests that the relationship between ESSPRI and personality- and mood-related variables may also be predominantly linear, which is plausible considering that ESSPRI is a self-reported measure of disease burden. Finally, SVR outperformed the other two algorithms when ESSPRI was predicted using all three kinds of features. A plausible interpretation is that complex and potentially non-linear interactions between biological, psychological, and social variables exist, which can be captured by SVR’s kernel trick that projects data into a higher-dimensional space.

As for future clinical and research directions, the importance of both state and trait anxiety in the applied model suggests that monitoring them in pSS may contribute to the clinical work in many ways. For instance, it provides an enhanced risk stratification, allowing to presume a higher biological vulnerability at lower trait anxiety, and higher psychological vulnerability at higher state anxiety values. These correspondences also provide more targeted, individual interventions and disease management, leading toward a holistic clinical approach, potentially reducing the frequency or severity of autoimmune flares. Furthermore, psychological diagnostic tools and interventions are often less costly than long-term pharmacological treatments. STAI or other self-reported anxiety scales, for example, could be easily registered in a routine rheumatological settings. Predicting autoantibody levels through psychological assessments – based on the study results or future research - might reduce the need for extensive immunological testing and aggressive treatments, resulting in overall cost savings. As for the therapeutic processes, brief psychological interventions, such as guided self-help CBT modules, or brief psychoeducational programs—could be implemented in daily rheumatological practice without overburdening clinical workflows (e.g., by integrating 1–2 sessions or digital tools into standard care). Also, the fact that a particular form of anxiety is among the five most important predictors for SSA, SSB and ESSPRI in the statistical model draws the attention to psychological factors in the disease’s pathophysiology. Many mental health issues are known in pSS, however, their exact role in the disease mechanism is still unclear. Future studies should involve psychological factors not examined in this study, some examples mentioned in the previous paragraph. Also, the effect of the immunological treatment on mental health issues would be another possible research direction for upcoming investigations. Neurobiological investigations would be beneficial to understand the exact psychoneuroimmunological mechanism of these variables. This knowledge may open avenues for novel therapeutic targets that modulate the immune system through stress-response pathways.




5 Limitations and strengths

The current study has several limitations. First, in addition to the psychological variables studied, several other psychological factors may have an impact on disease activity, such as adverse childhood experience and trauma, coping mechanisms, cognitive functions etc. This stands for the clinical parameters as well. Substance use, psychiatric co-morbidities, pharmacological treatments may also play a role as confounders or effect modifiers. Second, some of the questionnaire subscales showed low levels of internal consistency and thus, the reliability of certain results is limited. Although it is important to note, that such relatively low internal consistency of the TCI subscales have been found previously in the literature, for instance, in Greek (α= 0.51-0.83) (65), Turkish (α= 0.60-0.85) (66) and Croatian (α= 0.53-0.84) (67) sample. Third, the patients were recruited in a small geographical location and thus, the generalizability to other patient samples may be impaired. Although by using nested resampling, robust models were tried to obtain, it must be admitted that external validation would be more beneficial. Future studies may consider external validation in an independent cohort to assess generalizability. Fourth and final, the sample used for the analyses was relatively low, which further limits the generalizability of the results.

Nevertheless, despite its limitations, this study also has several strengths worth highlighting. First, a complex dataset involving biological, psychological, and social variables was analyzed, allowing for the investigation of multiple aspects of disease activity in pSS. Second, to the best of our knowledge, this is the first study to train ML algorithms on such complex data in pSS, enabling direct comparisons of the effects of different types of independent variables as well as their combined impact. Third and finally, the study revealed clinically relevant relationships between variables—for example, the association between trait anxiety and SSA as well as SSB autoantibodies. Similarly important are the identified relationships between self-reported disease activity (i.e., ESSPRI) and biological variables such as IgG and RF.




6 Conclusions

Although much evidence is available of disease modifying biological, psychological and social health determinants in pSS, this study is the first one to analyze their importance in one model using machine learning. For the prediction of Sjögren-specific autoantibodies, biological data showed the best predictive performance, however, trait anxiety was identified as one of the most important negative predictors for both of them. State anxiety, on the contrary, was a positive important predictor of perceived disease activity, in contrast to IgG and RF, which were negative important predictors of it. These psychobiological correlations suggest that there are different disease mechanisms and symptom burden (biological and psychosomatic) in pSS. The importance of psychological factors in predicting disease activity may pave the way toward novel, more effective and sensitive diagnostic tools and therapeutic methods and better understanding of the pathomechanism of primary Sjögren’s syndrome.
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