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Objective: To investigate factors influencing somatic symptom disorder (SSD) in
epilepsy patients and construct a cut-off point prediction model.

Methods: Using structured interviews and based on DSM-5 diagnostic criteria,
the 206 epilepsy patients included in this study were categorized into SSD and
non-SSD (n-SSD) groups. Demographic and clinical data were collected, and
assessments were conducted using the Quality of Life in Epilepsy (QOLIE-31),
Generalized Anxiety Disorder-7 (GAD-7), Neuropsychiatric Disease and Disability
Inventory-Extended (NDDI-E), and Pittsburgh Sleep Quiality Index (PSQI). Age,
negative life events, seizure anxiety, energy/fatigue, GAD-7, NDDI-E, and PSQl
scores were identified asindependent risk factors for SSD comorbidity in epilepsy.
The constructed cut-off model demonstrated good predictive performance.
External validation in an independent multicenter cohort is required prior to
clinical implementation.

Results: Compared with the n-SSD group, the SSD group exhibited statistically
significant differences in age, age at onset, years of education, place of residence,
number of comorbid physical illnesses, and adverse life events (all p < 0.05). The
SSD group also showed significantly higher scores on GAD-7, NDDI-E, and PSQ,
but lower total QOLIE-31 score and lower subscale scores for seizure worry,
medication effects, energy/fatigue, life satisfaction, social functioning, and
emotionalwell-being (allp < 0.05). Multivariate logistic regression analysis revealed
that age (OR = 1.076, 95% CI: 1.015-1.141), negative life events(OR = 6.624, 95%
Cl: 2.130-20.606), seizure anxiety (OR = 0.945, 95% CI: 0.895-0.999), energy/
fatigue (OR = 0.923, 95% CI: 0.872-0.977), and GAD-7 (OR =1.274, 95% CI:
1.015-1.274) were independently associated with higher QOLIE-31 total scores.
Fatigue (OR = 0.923, 95% CI: 0.872-0.977), GAD-7 (OR = 1.274, 95% Cl: 1.037-
1.565), NDDI-E (OR = 1.233, 95% CI: 1.038-1.442), and PSQI (OR = 1.375, 95% ClI:
1.097-1.723) were independent predictors of SSD. The AUC of the nomogram
model constructed based on the aforementioned factors was 0.939 (95% ClI:
0.904-0.975), with an AUC of 0.907 following internal validation. The optimal
risk probability cutoff value was 0.200 (based on the Yorden index), yielding a
sensitivity of 84.7% and specificity of 95.3%. Calibration curve and decision curve
analyses demonstrated good model calibration and clinical net benefit.
Conclusion: Older age, exposure to negative life events, higher GAD-7, NDDI-E,
and PSQI scores, and lower scores on the seizure worry and energy/fatigue
dimensions of QOLIE-31 are independent risk factors for SSD in epilepsy
patients. The constructed nomogram model demonstrates favorable predictive
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performance. External validation within an independent multicenter cohort is
required prior to clinical implementation.
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Introduction

Epilepsy, as one of the most prevalent neurological disorders
globally, has seen its co-occurrence of mental and psychological
conditions become a key factor impacting patients’ quality of life and
exacerbating familial and socioeconomic burdens. Previous studies
have confirmed that the overall prevalence of mental disorders among
people with epilepsy (PWE) reaches as high as 30 to 50% (1-3) with
depression, anxiety disorders, and sleep disorders being relatively
well-studied. However, systematic research on Somatic Symptom
Disorder (SSD)—a condition characterized by persistent physical
symptoms, excessive health concerns, and abnormal coping
behaviors—remains comparatively scarce among PWE.

The diagnostic criteria for SSD underwent significant revision in
the Diagnostic and Statistical Manual of Mental Disorders, Fifth
Edition (DSM-5), addressing the shortcomings of DSM-IV’s
overlapping classifications and ambiguous criteria for somatoform
disorders. The new criteria place greater emphasis on symptom-
related cognitive and behavioral abnormalities, enhancing the
operational feasibility of clinical diagnosis. Current research indicates
that the prevalence of SSD in the general population ranges from 4.5
to 7.4% (4, 5), while its incidence is significantly elevated among
persons with epilepsy (PWE), with reported rates spanning 24.1 to
57.4% (6, 7). This suggests a potential specific associative mechanism
between epilepsy and SSD. Existing research indicates that risk factors
for SSD in PWEs span multiple dimensions: biologically, epilepsy-
related structural and functional brain abnormalities (such as
dysfunction in the frontal lobe-striatal circuit) may impair
somatosensory processing, emotional regulation, and self-perception
(8), providing a neural basis for SSD development; Psychologically,
persistent anxiety about seizures, illness-related stigma (9), and
maladaptive coping strategies may manifest psychological distress as
somatic symptoms. Socially, external factors such as adverse life events
and insufficient social support may exacerbate the severity and
persistence of somatic symptoms.

It is noteworthy that SSD exhibits a high prevalence of comorbidity
with anxiety, depression, and sleep disorders in people with epilepsy
(PWE) (7) such co-morbidity not only complicates clinical diagnosis—
often leading to underdiagnosis or misdiagnosis of SSD due to
non-specific symptoms or overlap with epilepsy-related manifestations
(e.g., headaches, fatigue)—but also markedly reduces treatment
adherence, exacerbates functional impairment, and may trigger
excessive healthcare-seeking behavior and resource wastage (10).
Despite SSD’s significant impact on the prognosis of PWE, there is
currently a lack of effective screening tools for assessing SSD risk in
this population, and research on relevant predictive models remains
largely unexplored. Consequently, this study aims to assess SSD
comorbidity among epilepsy patients, explore the relationship
between anxiety, depression, sleep disorders, and quality of life in this
population by integrating demographic and clinical characteristics,
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and construct a nomogram model to predict the risk of SSD
comorbidity in epilepsy patients.

Objects and methods
Object

This study was conducted between June 2023 and February 2024,
recruiting adult epilepsy patients attending our hospital. Of the 218
patients initially approached, 12 were excluded upon review (due to
missing key clinical data or incomplete questionnaires), resulting in a
final cohort of 206 participants. This study was approved by the Ethics
Committee of Huzhou Third People’s Hospital (Approval No. 2023-
527), and all participants provided written informed consent.
Inclusion criteria: (1) Diagnosis meeting the 2017 International
League Against Epilepsy (ILAE) clinical diagnostic criteria for epilepsy
(11), with a duration of one year or longer; (2) Age > 18 years; (3)
Being conscious, with fluent verbal expression, and able to cooperate
with the structured interviews and complete all assessment scales for
this study. Exclusion criteria: (1) Presence of severe chronic diseases;
(2) Patients with significant cognitive impairment or psychiatric
disorders rendering them unable to cooperate with the trial; (3)
History of alcohol dependence or substance abuse; (4) Patients who
had undergone any epilepsy-related surgical treatment. All patients
underwent simultaneous structured interviews conducted by one
attending neurologist and one attending psychiatrist. Referencing
DSM-5 diagnostic criteria, patients were categorized into 43 cases in
the SSD group and 163 cases in the non-SSD group (n-SSD group).
This study was approved by the Ethics Committee of Huzhou Third
People’s Hospital (Approval No. 2023-527). All participants voluntarily
enrolled and provided written informed consent.

Method

Collection of general clinical data

Collect general clinical data on patients, including gender, age,
educational attainment, place of residence, marital status, presence of
regular income, categories and types of other physical illnesses, and
history of negative life events; alongside epilepsy-related variables
such as age at onset, disease duration, seizure type (1 = generalized,
2 = focal,
discharges on the most recent EEG, active epilepsy status (12, 13)

3 = unclassified), presence/absence of epileptiform

(defined as >2 seizures within one year), and the names and quantities
of antiepileptic drugs.

Evaluation of relevant scales

All personnel involved in the study underwent training in
conducting interviews, administering relevant measurement tools,
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and selecting appropriate times to interview patients. Before each
interview, participants were informed of the study’s objectives,
required duration, and procedures. Scales were administered on-site,
with completed questionnaires collected and immediately checked for
quality. Any omissions or other issues affecting questionnaire quality
were promptly addressed through supplementation or modification.
(1) Quality of Life in Epilepsy Scale (QOLIE-31): The QOLIE-31
comprises seven subscales—seizure-related distress, life satisfaction,
affect, energy/fatigue, cognitive function, medication impact, and
social functioning—totaling 31 items. Higher total scores indicate
better quality of life for patients with epilepsy. It demonstrates good
reliability and validity among Chinese adults with epilepsy (14). (2)
Generalized Anxiety Disorder Scale (GAD-7): This scale assesses
distress caused by anxiety symptoms over the preceding 2 weeks. It
comprises seven self-report items; a total score exceeding 10 indicates
an anxiety disorder. Used for screening generalized anxiety disorder
and evaluating symptom severity, it demonstrates good reliability and
validity (15). (3) Epilepsy Depression Scale (NDDI-E): The NDDI-E
comprises six self-report items, with a total score >12 indicating
depressive status (16). This scale is straightforward to comprehend
and complete, currently being the most prevalent tool for screening
depression within the epilepsy field. (4) Pittsburgh Sleep Quality Index
(PSQI): The PSQI assesses sleep habits over the preceding month
through 24 items, comprising five observer-rated and 19 self-rated
items. A score exceeding 7 indicates sleep disturbance (17). (5)
Somatic Symptom Disorder - B Diagnostic Scale (SSD-12): The
SSD-12 comprises 12 self-report items covering three dimensions:
cognitive, affective, and behavioral. It corresponds to Diagnostic
Criterion B for SSD in DSM-5. A total score >13 indicates a tendency
toward SSD diagnosis (18). This measure assesses the psychological
distress associated with somatic symptoms and demonstrates good
reliability and validity in the population.

Statistical methods

All data analyses were performed using SPSS 26.0 software and R
4.3.1. Categorical variables were presented as frequencies and
percentages and analyzed using Fisher’s exact test and the x* test.
Before statistical analysis of continuous variables, data normality was
assessed using the Shapiro-Wilk test; non-normally distributed
continuous data were presented as median (M) and interquartile range
(IQR), and the Mann-Whitney U test was used to evaluate differences
between groups. Predictive model construction and validation: (1)
Variable screening: Incorporate variables with p < 0.05 from univariate
analysis into LASSO regression, employing 10-fold cross-validation
and the lambda.min criterion for feature selection. (2) Model
construction: Conduct multivariate logistic regression analysis on
variables selected by LASSO, determining the final model using
stepwise backward selection based on the Akaike Information
Criterion (AIC). (3) Nomogram Construction: Based on the final
model. (4) Performance Evaluation and Internal Validation: Calculate
AUCG, sensitivity, specificity, positive predictive value (PPV), negative
predictive value (NPV), and their 95% confidence intervals.
Determine optimal cut-off values using the Youden index. Plot
calibration curves and perform Hosmer-Lemeshow tests. Assess
clinical utility using decision curve analysis (DCA). Conduct internal
validation via Bootstrap sampling (1,000 iterations). (5) Incremental
value analysis: To evaluate the comprehensive model’s advantage,
construct two simplified models for comparison: Model A (age and
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negative life events only); Model B (GAD-7, NDDI-E, and PSQI scores
only). Compare AUC differences using the DeLong test.

Results

Comparison of clinical data between the
SSD group and n-SSD group

Compared with the n-SSD group, the SSD group showed no
statistically significant differences in male gender, marital status, fixed
income status, disease duration, seizure type, presence of discharges
on the last EEG, seizure frequency, or number of antiepileptic drugs
(all p>0.05). Compared with the n-SSD group, the SSD group
exhibited statistically significant differences in age, age at onset, years
of education, place of residence, number of comorbid physical
illnesses, and negative life events (all p < 0.05). See Table 1 for details.

Comparison of scale scores between the
SSD group and n-SSD group

Compared with the n-SSD group, the patients in the SSD group had
significantly higher scores on the GAD-7, NDDI-E, and PSQI scales (all
P < 0.05), while the total score of QOLIE-31 and the scores of worry
about episodes, drug effects, energy/fatigue, life satisfaction, social
function, and emotion were significantly lower (all p <0.05). The
difference in cognitive function scores on the QOLIE-31 between the two
groups was not statistically significant (p = 0.435). See Table 2 for details.

Variable filtering

LASSO regression

The 16 factors exhibiting statistically significant differences in
Table 1 were employed as the initial model and selected via LASSO
regression. Guided by the principles of maximum regularization and
model stability, the optimal parameter 1 was determined through
10-fold cross-validation using the minimum criterion. The 16 factors
were subsequently reduced to 13, encompassing age, educational
attainment, place of residence, number of physical illnesses, negative
life events, GAD-7, NDDI-E, PSQI, QOLIE-31 total score, and
concerns about recurrence, medication effects, energy/fatigue, and
mood scores, all possessing non-zero coeflicients (Figures 1, 2).

Univariate and multivariate logistic regression
analysis

Univariate analysis was conducted on the 13 variables evaluated
by the Lasso regression model. Variables yielding p < 0.05 in univariate
analysis (was this a subsequent statistical analysis? If so, please provide
specific data) underwent multivariate logistic regression analysis using
stepwise elimination to obtain an optimized model with the minimum
AIC value. Results indicated that age (OR = 1.076, 95% CI: 1.015-
1.141), negative life events (OR =6.624, 95% CI: 2.130-20.606),
seizure anxiety (OR = 0.945, 95% CI: 0.895-0.999), energy/fatigue
(OR =0.923, 95% CI: 0.872-0.977), GAD-7 (OR = 1.274, 95% CI:
1.037-1.565), NDDI-E (OR = 1.233, 95% CI: 1.038-1.442), PSQI
(OR =1.375, 95% CI: 1.097-1.723) were independent predictors of
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TABLE 1 Comparison of clinical data between the SSD group and the n-SSD group.
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Variable SSD (N = 43) n-SSD (N = 163) x3/z/t p
Sex* 1.403 0.236
Male 22 (51.20) 67 (41.10)
Female 21 (48.80) 96 (58.90)
Age® 64.23 (8.74) 56.00 (15.00) —4.644 <0.001
Age of onset® 55.98 (10.07) 46.00 (16.00) —3.874 <0.001
Course of disease® 7.00 (6.00) 7.00 (8.00) —0.748 0.455
Education® 6.205 0.013
Below middle school 42 (97.70) 135 (82.80)
Middle school or above 1(2.30) 28 (17.20)
Habitation® 4.929 0.026
City 33 (76.70) 95 (58.30)
Countryside 10 (23.30) 68 (41.70)
Marriage® 0.691 0.406
Married 39 (90.70) 140 (85.90)
Unmarried 4(9.30) 23 (14.10)
Regular income* 0.005 0.944
Yes 14 (32.60) 54 (33.10)
No 29 (67.40) 109 (66.90)
Physical illnesses* 12.246 0.015
0 26 (60.50) 127 (77.90)
1 10 (23.30) 27 (16.60)
2 5 (11.60) 6(3.70)
3 0(0.00) 2(1.20)
4 2 (4.70) 0(0.00)
5 0 (0.00) 1(0.60)
Negative life event* 12.969 <0.001
Yes 26 (60.50) 50 (30.70)
No 17 (39.50) 113 (69.30)
Seizure type* 0.798 0.713
1 5 (11.60) 13 (8.00)
2 34 (79.10) 135 (82.80)
3 4(9.30) 15 (9.20)
Electroencephalogram® 1.163 0.281
Yes 8 (18.60) 20 (12.30)
No 35 (81.40) 143 (87.70)
Stable® 0.003 0.955
Yes 30 (69.80) 113 (69.30)
No 13 (30.20) 50 (30.70)
Frequency® 1.559 0.453
0 30 (69.80) 113 (69.30)
1 8 (18.60) 39 (23.90)
2 5 (11.60) 11 (6.70)
Medication quantity® 2226 0.468
1 25 (58.10) 82 (50.30)
2 15 (34.90) 62 (38.00)
3 2 (4.70) 17 (10.40)
4 1(2.30) 2(1.20)

*Chi-square test [frequency (percentage), N (%)]; "Mann-Whitney U test [median (interquartile range), median (IQR)]. p-value: Combined p-value for comparisons using the Mann-Whitney

U test; p-value < 0.05 was considered statistically significant.
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TABLE 2 Comparison of scale scores between the SSD and n-SSD groups

[M (IQR)].

Variable

GAD-7* 10.00 (5.00) 6.00 (3.00) —4.794 <0.001
NDDI-E* 15.65 (3.72) 11.80 (5.00) —5.517 <0.001
PSQI* 7.51 (3.05) 4.40 (3.00) —6.252 <0.001
QOLIE-31° 54.08 (5.46) 58.68 (6.10) —4.801 <0.001
Seizure anxiety® 45.00 (15.00) 50.00 (10.00) —5.509 <0.001
Drug effects® 43.14 (11.60) 55.00 (15.00) —4.668 <0.001
Social 53.95 (8.13) 55.00 (10.00) —2.053 0.040
functioning®

Life 50.00 (10.00) 55.00 (10.00) —3.860 <0.001
satisfaction®

Energy/fatigue® 50.00 (10.00) 60.00 (15.00) —3.791 <0.001
Social 60.00 (20.00) 60.00 (15.00) —0.780 0.435
functioning®

Emotional 65.00 (15.00) 60.00 (15.00) —3.011 0.003
well-being*

“Mann-Whitney U test [median (interquartile range), median (IQR)]. p-value: Combined
p-value for comparisons using the Mann-Whitney U test; p-values < 0.05 were considered

statistically significant.

18 22

23

2 0 2 4 6 8
|

Coefficients

6 -4
|

FIGURE 1

~Log(»)

Cross-validation plot for the LASSO regression model. The optimal
parameter (Lambda) in the LASSO model was determined using
10-fold cross-validation and the minimum standard. The vertical
dashed line on the left indicates the minimum standard, while the
vertical line on the right represents 1SE of the minimum standard
(1-SE standard). Consequently, Lambda.min = 0.00703 was selected.

SSD (Figure 3). The AIC for the multivariate model was 116.1385. See
Table 3 for details.

Nomogram
Based on the aforementioned seven factors, bar charts were

constructed (Figures 4A-C). Initially, a bar chart comprising solely
demographic/clinical variables (age, adverse life events) was generated.
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FIGURE 2

LASSO regression model coefficient plot. Distribution of LASSO
coefficients for 10 factors. Vertical dashed lines at selected values
were plotted using 10-fold cross-validation.

Subsequently, bar charts incorporating psychometric scales (GAD-7,
NDDI-E, PSQI, QOLIE-31 subscales) were developed. Finally, a
comprehensive bar chart utilizing all seven variables was produced.
Each of these variables was scored individually on a scale ranging
from 0 to 100. Furthermore, the scores for all variables were summed
to generate a final total score, which corresponds to the probability of
epilepsy patients experiencing somatic symptom disorder.

Performance and internal validation of the
nomogram

Model A yielded an AUC of 0.775 (95% CI 0.699-0.851)
(Figure 5A). The optimal risk probability cutoft determined by the
Youden index was 0.155, yielding a sensitivity of 88.40% (95% CI:
74.90-96.10), specificity of 57.10% (95% CI: 49.00-64.90), positive
predictive value (PPV) of 34.50%, and negative predictive value
(NPV) of 94.90%. The Hosmer-Lemeshow test yielded y* = 8.923,
p =0.444 (Figure 5B). The decision curve analysis (DCA) curve
illustrates the models clinical net benefit (Figure 5C). Model B
demonstrated an AUC of 0.905 (95% CI: 0.860-0.950) (Figure 6A).
The optimal risk cutoff determined by the Youden index was 0.209,
yielding a sensitivity of 83.70% (95% CI: 69.30-93.20), specificity of
84.00% (95% CI: 77.50-89.30), positive predictive value (PPV) of
58.50%, and negative predictive value (NPV) of 94.80%. The Hosmer-
Lemeshow test yielded y* = 3.288, p = 0.952 (Figure 6B). The decision
curve analysis (DCA) curve illustrates the model’s clinical net benefit
(Figure 6C). The model’s area under the curve (AUC) was 0.939 (95%
CI: 0.904-0.975) (Figure 7A). The optimal risk probability cutoff
determined by the Youden index was 0.200, yielding a sensitivity of
84.70% (95% CI: 71.40-93.20%), specificity of 95.30% (95% CI: 91.20-
97.90%), with a positive predictive value (PPV) of 82.10% and a
negative predictive value (NPV) of 96.30%. The calibration curve
demonstrated good consistency (Hosmer-Lemeshow test, x> = 7.722,
p =0.562) (Figure 7B). Decision curve analysis indicated the model
possessed clinical net benefit (Figure 7C). Following bootstrap
internal validation, the area under the curve (AUC) was 0.907.
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FIGURE 3
Forest plot of factors related to SSD.

TABLE 3 Univariate and multivariate logistic regression analysis.

Variable Univariate analysis Multivariate analysis
PRYAS 95%Cl

Age 1.093 1.051 ~ 1.136 <0.001 1.076 1.015 ~ 1.141 0.013
Education 0.115 0.015 ~ 0.869 0.036

Habitation 0.423 0.195 ~ 0.917 0.029

physical illnesses 1.593 1.088 ~2.334 0.017

Negative life events 3.359 1.676 ~ 6.731 0.001 6.486 2.106 ~ 19.980 0.001
QOLIE-31 0.828 0.768 ~ 0.894 <0.001

Seizure anxiety 0.902 0.867 ~ 0.938 <0.001 0.945 0.895 ~ 0.999 0.044
Drug effects 0.925 0.894 ~ 0.956 <0.001

Energy/Fatigue 0.938 0.905 ~ 0.973 0.001 0.923 0.872 ~ 0.977 0.006
Emotion 0.944 0.908 ~ 0.981 0.004

GAD-7 1.490 1.282 ~ 1.732 <0.001 1.274 1.037 ~ 1.565 0.022
NDDI-E 1.327 1.195 ~ 1.474 <0.001 1.223 1.038 ~ 1.442 0.016
PSQI 1.742 1.445 ~ 2.100 <0.001 1.375 1.097 ~1.723 0.006

Model comparison and incremental value

To validate the superiority of the integrated model, we conducted
an incremental analysis (Table 4). The predictive efficacy of the
integrated model (AUC = 0.939) significantly outperformed Model A
(AUC = 0.775, p < 0.001), which included only demographic/clinical
factors, and Model B (AUC = 0.905, p = 0.027), which incorporated
only psychological scale scores, demonstrating the necessity of
integrating multidimensional information.

Discussion

Among the 206 epilepsy patients included in this study, the
incidence of SSD was 20.9% (43/206), which is comparable to the
24.1% (150/631) reported by Zhou Dong et al. (7). This suggests a
relatively high proportion of epilepsy patients co-occurring with SSD,
yet clinical recognition rates remain low and the condition is
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insufficiently prioritized. This study found that patients in the SSD
group were significantly older, potentially attributable to two factors:
firstly, the study institution serves as a regional geriatric center,
resulting in a higher proportion of elderly epilepsy patients and
introducing selection bias; secondly, patients with late-onset epilepsy
often present with more comorbidities and functional decline,
potentially making them more likely to express psychological distress
through somatic symptoms. Despite this age distribution bias, the
inclusion of age as an independent predictor in the final model
underscores the imperative for clinical practice to prioritize additional
psychosomatic care for elderly epilepsy patients.

Through LASSO regression and multivariate logistic regression
analysis, this study ultimately identified age, negative life events,
concern about seizures (QOLIE-31 seizure concern dimension),
energy/fatigue (QOLIE-31 energy/fatigue dimension), anxiety
symptom severity (GAD-7), depression symptom severity (NDDI-
E), and sleep quality (PSQI) as significant predictors. Fatigue
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Nomogram models for somatic symptom disorder in patients with epilepsy. (A) Nomogram constructed with only demographic/clinical variables (age,
adverse life events). (B) Nomogram constructed with psychological measurement scales (GAD-7, NDDI-E, PSQI, QOLIE-31 subscales). (C) Comprehensive
nomogram for somatic symptom disorder in patients with epilepsy, including age, negative life events, QOLIE-31 seizure worry score, QOLIE-31 energy/
fatigue score, total GAD-7 score, total NDDI-E score, and total PSQI score. Each of these variables was scored individually on a scale of O to 100. In addition,
the scores of all variables were summed to generate a final total score, which corresponds to the probability of somatic symptom disorder in patients with
epilepsy. Case verification: A 57-year-old patient with epilepsy had one negative life event, with a GAD-7 score of 11, NDDI-E score of 19, PSQI score of 12,
energy/fatigue score of 50, and seizure worry score of 55. The probability of somatic symptom disorder was 27.7% when evaluated by Model A (including
only age and negative life events), 86.5% by Model B (including only psychological measurement scales), and 94.7% by the comprehensive Model C.

(QOLIE-31 Energy/Fatigue dimension), anxiety symptom severity  epilepsy. Older age, exposure to negative life events, higher scores on
(GAD-7), depression symptom severity (NDDI-E), and sleep quality =~ the GAD-7 and NDDI-E, elevated PSQI scores (indicating poor
(PSQI) as seven independent predictors of SSD comorbidity in  sleep quality), and lower scores on the seizure worry and energy/
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FIGURE 5
Performance and internal validation of Model A nomogram. (A) AUC curve; (B) Hosmer-Lemeshow test plot; (C) DCA curve.

fatigue subscales of QOLIE-31 were significantly associated with an
increased risk of SSD. Among these, advanced age was associated
with an elevated risk of SSD onset, potentially linked to diminished
physical functioning, greater prevalence of comorbid physical
illnesses, and heightened preoccupation with health status among
older adults. Furthermore, 36.9% (76/206) of patients had
experienced adverse life events, with common types including
bereavement of family members, adverse early childhood
experiences, and sudden onset of physical illness, indicating the
significant role of psychosocial factors in SSD development. Previous
research (19) indicates that SSD arises from the combined effects of
biological, psychological, and social factors. Multiple studies (8, 20)
have confirmed structural and functional alterations in the brain of
SSD patients, such as abnormalities in the frontal-striatal circuit.
Concurrently, influenced by traditional culture, Chinese patients
tend to express emotional distress through somatization (21). In this
study, 23.3% of patients exhibited anxiety, 28.2% presented with
depression, 25.2% experienced sleep disturbances, 42.2% had at least
one co-occurring psychosomatic issue, and 86.0% of SSD patients

Frontiers in Neurology

co-occurred with at least one psychosomatic disorder. This indicates
complex interactions between SSD and anxiety, depression, and
sleep disturbances, which not only complicate clinical identification
but may also exacerbate symptom severity, leading to repeated
medical consultations (22). Clinical practice must prioritize
differential diagnosis. Previous studies have suggested that seizure
control, seizure severity, and antiepileptic drug use are closely
associated with psychiatric comorbidity in patients (23). However,
the present study found no statistically significant differences
between SSD and non-SSD patients in terms of epilepsy duration,
seizure type, presence of epileptiform discharges on the most recent
electroencephalogram, seizure frequency, or number of AEDs used.
This suggests that SSD and epilepsy may have distinct
pathophysiological underpinnings, with its pathogenesis potentially
emphasizing psychosocial factors rather than being solely driven by
epilepsy itself. It should be noted that the structured interviews
employed in this study may not fully distinguish whether patients
also experienced psychogenic non-epileptic seizures; this issue
warrants further clarification through long-term follow-up studies.
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The regression model constructed in this study demonstrated
excellent discriminatory capability within the training cohort
(AUC = 0.939), with performance remaining robust following
internal validation via Bootstrap sampling (corrected
AUC = 0.907). Calibration curves and Hosmer-Lemeshow tests
indicated good agreement between predicted and actual risks,
while decision curve analysis revealed clinical net benefit across a
broad range of thresholds. Notably, the ratio of SSD positive events

(n =43) to final predictor variables (n =7) in this study was

Frontiers in Neurology

than conventional

recommendations. Consequently, model performance may be

approximately 6.1, lower empirical
compromised in independent external cohorts, underscoring the
imperative for external validation. Incremental analysis further
confirmed that the predictive efficacy of this comprehensive model
significantly outperformed simplified models incorporating only
basic demographic/clinical variables (age, adverse life events) or
relying solely on psychometric scale scores (GAD-7, NDDI-E,

PSQI) (DeLong test p-values <0.05 in all cases). This demonstrates
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that integrating multidimensional information is essential for
comprehensively assessing SSD risk.

In clinical practice, we recommend routinely collecting basic
information such as age and history of adverse life events from all
epilepsy patients attending consultations. We should proactively assess
whether they experience persistent physical discomfort (e.g., dizziness,
fatigue, palpitations) that cannot be fully explained by epilepsy or
other somatic conditions. Standardized scales may be employed for
rapid assessment: the GAD-7 for anxiety, the NDDI-E for depression,
the PSQI for sleep quality, and the QOLIE-31 for quality of life (with

Frontiers in Neurology

particular emphasis on the dimensions of seizure-related worry and
energy/fatigue). Should scale scores indicate abnormalities
(GAD-7 > 10 points, NDDI-E > 12 points, PSQI > 7 points, or low
scores in relevant QOLIE-31 dimensions), the individualized SSD risk
probability may be further calculated using the nomogram developed
in this study. Should the probability > 0.200 (this cut-off point was
determined based on maximizing the Youden index, yielding a
sensitivity of 84.7% and specificity of 95.3%), it is recommended that
ajoint DSM-5 structured interview be conducted by neurologists and
psychiatrists to confirm the diagnosis.
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TABLE 4 Performance comparison of different predictive models.

10.3389/fneur.2025.1758811

Model Predictor variables AUC Sensitivity (%) Specificity (%) PPV (%) NPV (%) Delong test
(95% Cl)
0.775 (0.699-
Model A Age, Negative life events 0.851) 57.10 88.40 50.00 91.00 P <0.001
Anxiety attacks, Energy/
Y 8y 0.905 (0.860-
Model B Fatigue, GAD-7, NDDI-E, 0.950) 84.00 83.70 58.50 94.80 p=0.027
PSQI ’
Age, Negative life events,
Anxiety attacks, Energy/ 0.939 (0.904—
Model C 84.70 95.30 82.10 96.30 For reference
Fatigue, GAD-7, NDDI-E, 0.975)
PSQI

Clinical application examples can illustrate the tool's usage
intuitively. For instance, both presenting with recent onset of
dizziness and palpitations, a 57-year-old male patient (Figure 4C) had
recently experienced his father’s death. His GAD-7, NDDI-E, and
PSQI scores were 11, 19, and 12 respectively, while his QOLIE-31
standardized scores for episode concern and energy/fatigue
dimensions were 50 and 55. Calculating the corresponding scores for
each variable using the nomogram and summing them yielded an
SSD risk probability of approximately 94.7%. It is crucial to emphasize
that before integrating this model and screening protocol into routine
clinical practice, rigorous external validation across independent
epilepsy cohorts from diverse geographical regions and medical
centers is imperative to assess its real-world generalizability and
clinical utility. For patients screening positive, integrated
psychosomatic interventions should be promptly initiated. These
should include psychological therapies such as cognitive behavioral
therapy and mindfulness-based stress reduction, supplemented with
pharmacological interventions where necessary. Concurrently,
antiepileptic drug regimens should be optimized to minimize their
potential impact on somatic symptoms.

In recent years, the integration of artificial intelligence in
medical prediction models in recent years has expanded the
methodological and clinical perspectives of our research.
Contemporary Al-assisted clinical prediction emphasizes not only
performance but also model optimization, interpretability, and
robust deployment. For instance, Li et al. (24) proposed a
hyperparameter optimization approach, suggesting that systematic
parameter tuning could enhance the accuracy and generalizability
of our model. Yang et al. (25, 26) demonstrated the potential of
attention-based mechanisms and customized convolutional neural
networks in multimodal electroencephalogram analysis and brain
tumor grading, pointing toward future integration of time-series
EEG, neuroimaging, and other multimodal data in neurological
prediction. Moreover, the use of ChatGPT in supporting
neurodevelopmental disorders (27) illustrates the growing role of
intelligent tools in neurological care. Nevertheless, as highlighted
by Yee et al. (28) in cybersecurity research, Al implementation in
clinical settings still encounters challenges related to robustness,
trust, and secure system integration. Moving forward, the
nomogram developed here may serve as a foundation for evolving
into an intelligent, interpretable, and clinically embedded “hybrid
prediction system” within electronic health records, enabling
dynamic risk assessment and for

early  warning

epilepsy-related SSD.
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The scatter plots constructed in this study provide a
visualization tool for predicting SSD risk in epilepsy patients.
Recent applications of artificial intelligence (AI) in epilepsy
research have offered novel approaches to model optimization. For
instance, the SeizureLSTM model proposed by He et al. employs
attention mechanisms and optimal weighted feature integration for
seizure detection, with its core advantage lying in efficient modeling
of time-series data (24). This offers significant implications for
expanding epilepsy-SSD prediction models: as the predictors in
this study are predominantly cross-sectional data, future work
could draw upon time-series modeling approaches. Integrating
long-term follow-up data (such as changes in seizure frequency and
dynamic trends in scale scores) could facilitate the construction of
dynamic risk assessment models. This would further enhance the
timeliness and accuracy of predictions, enabling the SSD prediction
framework to be integrated into broader Al-assisted epilepsy
management research systems.

This study retains certain limitations: the sample size was relatively
small and the research was single-center, with an older age distribution
among patients, which may impact the model’s generalizability.
Furthermore, the study did not incorporate biological markers nor
conduct long-term follow-up. We therefore emphasize that rigorous
external validation across geographically diverse, multicenter cohorts
of independent epilepsy patients is essential before considering any
clinical application. Future work should involve large-scale,
multicenter studies incorporating objective biological markers and
longitudinal designs to further optimize the model’s applicability and
predictive efficacy.

In summary, age, adverse life events, seizure anxiety, energy/
fatigue, GAD-7, NDDI-E, and PSQI scores constitute key risk factors
for SSD in epilepsy. The cut-off point model developed based on these
factors demonstrates sound predictive performance and clinical
utility, serving as an auxiliary screening tool for early identification
of high-risk patients. Prior to routine clinical implementation, this
model must undergo independent, multicenter external validation.

Data availability statement

The datasets presented in this article are not readily available
because the dataset generated and analyzed during this study is not
publicly available. This restriction arises from ethical guidelines and
privacy protections for epilepsy patients. Requests to access the
datasets should be directed to shenwenjingcxzc@163.com.

frontiersin.org


https://doi.org/10.3389/fneur.2025.1758811
https://www.frontiersin.org/journals/neurology
https://www.frontiersin.org
mailto:shenwenjingcxzc@163.com

Shen et al.

Ethics statement

The studies involving humans were approved by the Ethics
Committee of the Third People's Hospital of Huzhou City
(Approval number: 2023-527). The studies were conducted in
with the
requirements. The participants provided their written informed

accordance local legislation and institutional

consent to participate in this study.

Author contributions

WS: Data curation, Methodology, Writing — review & editing,
Conceptualization, Writing - original draft. CZ: Writing - review
& editing, Resources, Data curation. XP: Data curation, Writing —
review & editing, Formal analysis. ZS: Supervision, Writing -
review & editing, Resources. XS: Resources, Writing - review &
editing.

Funding

The author(s) declared that financial support was received for this
work and/or its publication. This study was supported by Huzhou
Science and Technology Bureau Project.

References

1. Micoulaud-Franchi, JA, Bartolomei, F, Duncan, R, and McGonigal, A. Evaluating
quality of life in epilepsy: the role of screening for adverse drug effects, depression, and
anxiety. Epilepsy Behav. (2017) 75:18-24. doi: 10.1016/j.yebeh.2017.07.016

2. Keezer, MR, Sisodiya, SM, and Sander, JW. Comorbidities of epilepsy: current
concepts and future perspectives. Lancet Neurol. (2016) 15:106-15. doi: 10.1016/
$1474-4422(15)00225-2

3. Stefanidou, M, Greenlaw, C, and Douglass, LM. Mental health issues in transition-
age adolescents and young adults with epilepsy. Semin Pediatr Neurol. (2020) 36:100856.
doi: 10.1016/j.spen.2020.100856

4. Hauser, W, Hausteiner-Wiehle, C, Henningsen, P, Brahler, E, Schmalbach, B, and
Wolfe, F. Prevalence and overlap of somatic symptom disorder, bodily distress syndrome
and fibromyalgia syndrome in the German general population: a cross sectional study.
J Psychosom Res. (2020) 133:110111. doi: 10.1016/j.jpsychores.2020.110111

5.van Geelen, SM, Rydelius, PA, and Hagquist, C. Somatic symptoms and
psychological concerns in a general adolescent population: exploring the relevance of
DSM-5 somatic symptom disorder. ] Psychosom Res. (2015) 79:251-8. doi: 10.1016/j.
jpsychores.2015.07.012

6. Tu, CY, Liao, SC, Wu, CS, Chiu, YT, and Huang, WL. Association of categorical
diagnoses and psychopathologies with quality of life in patients with depression, anxiety,
and somatic symptoms: a cross-sectional study. ] Psychosom Res. (2024) 182:111691. doi:
10.1016/j.jpsychores.2024.111691

7. Shen, S, Dong, Z, Zhang, Q, Xiao, J, Zhou, D, and Li, J. The overlapping relationship
among depression, anxiety, and somatic symptom disorder and its impact on the quality
of life of people with epilepsy. Ther Adv Neurol Disord. (2022) 15:17562864221138147.
doi: 10.1177/17562864221138147

8. Li, L, Kumar, U, You, J, Zhou, Y, Weiss, SA, Engel, ], et al. Spatial and temporal
profile of high-frequency oscillations in posttraumatic epileptogenesis. Neurobiol Dis.
(2021) 161:105544. doi: 10.1016/j.nbd.2021.105544

9. Lisk, DR, Kanu, A, and Russell, JBW. The stigma of epilepsy among patients
attending the epilepsy clinic at Connaught hospital, Sierra Leone. West Afr ] Med. (2023)
40:1209-15. doi: 10.4103/wajm.wajm_175_22

10. Ali, A. Global Health: epilepsy. Semin Neurol. (2018) 38:191-9. doi: 10.1055/
s-0038-1646947

11. Scheffer, IE, Berkovic, S, Capovilla, G, Connolly, MB, French, J, Guilhoto, L, et al.
ILAE classification of the epilepsies: position paper of the ILAE commission for
classification and terminology. Epilepsia. (2017) 58:512-21. doi: 10.1111/epi.
13709

12. Meinardi, H, Scott, RA, Reis, R, and Sander, JW. The treatment gap in epilepsy: the
current situation and ways forward. Epilepsia. (2001) 42:136-49. doi:
10.1046/j.1528-1157.2001.32800.x

Frontiers in Neurology

12

10.3389/fneur.2025.1758811

Conflict of interest

The author(s) declared that this work was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Generative Al statement

The author(s) declared that Generative AI was not used in the
creation of this manuscript.

Any alternative text (alt text) provided alongside figures in this
article has been generated by Frontiers with the support of artificial
intelligence and reasonable efforts have been made to ensure accuracy,
including review by the authors wherever possible. If you identify any
issues, please contact us.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations,
or those of the publisher, the editors and the reviewers. Any product
that may be evaluated in this article, or claim that may be made by its
manufacturer, is not guaranteed or endorsed by the publisher.

13. Ding, X, Wang, X, Zhang, X, Liu, J, Hu, Q, Chen, G, et al. Active epilepsy
prevalence, the treatment gap, and treatment gap risk profile in eastern China: a
population-based study. Epilepsy Behav. (2018) 85:181-7. doi: 10.1016/j.
yebeh.2018.06.014

14. Michaelis, R, Tang, V, Wagner, JL, Modi, AC, LaFrance, WC Jr, Goldstein, LH, et al.
Psychological treatments for people with epilepsy. Cochrane Database Syst Rev. (2020)
8:CD012081. doi: 10.1002/14651858.CD012081.pub3

15. Aktiirk, Z, Hapfelmeier, A, Fomenko, A, Dimmler, D, Eck, S, Olm, M, et al.
Generalized anxiety disorder 7-item (GAD-7) and 2-item (GAD-2) scales for detecting
anxiety disorders in adults. Cochrane Database Syst Rev. (2025) 3:CD015455. doi:
10.1002/14651858.CD015455

16. Wagner, JL, Kellerman, T, Mueller, M, Smith, G, Brooks, B, Arnett, J, et al.
Development and validation of the NDDI-E-Y: a screening tool for depressive
symptoms in pediatric epilepsy. Epilepsia. (2016) 57:1265-70. doi: 10.1111/epi.
13446

17. Toprani, S, Kao, A, Gaitonde, S, Reddy, N, Felton, E, Pugh, MJ, et al. Effect of
epilepsy on sleep quality during pregnancy and postpartum. Neurology. (2022)
99:€1584-97. doi: 10.1212/WNL.0000000000200996

18. Toussaint, A, Murray, AM, Voigt, K, Herzog, A, Gierk, B, Kroenke, K, et al.
Detecting DSM-5 somatic symptom disorder: criterion validity of the patient health
Questionnaire-15 (PHQ-15) and the somatic symptom Scale-8 (SSS-8) in combination
with the somatic symptom disorder - B criteria scale (SSD-12). Psychol Med. (2020)
50:324-33. doi: 10.1017/S003329171900014X

19. Smakowski, A, Hiising, P, Vélcker, S, Léwe, B, and Toussaint, A. Psychological risk
factors of somatic symptom disorder: a systematic review and meta-analysis of cross-
sectional and longitudinal studies. ] Psychosom Res. (2024) 181:111608. doi: 10.1016/j.
jpsychores.2024.111608

20. Liang, H-B, Dong, L, Cui, Y-Y, Wang, L-], Yu, Y, Zhu, W-X, et al. Significant
structural alterations and functional connectivity alterations of cerebellar gray matter in
patients with somatic symptom disorder. Front Neurosci. (2022) 16:816435. doi:
10.3389/fnins.2022.816435

21. Bonvanie, IJ, Janssens, KAM, Rosmalen, JGM, and Oldehinkel, AJ. Life events and
functional somatic symptoms: a population study in older adolescents. Br J Psychol.
(2017) 108:318-33. doi: 10.1111/bjop.12201

22. Terman, SW, Hill, CE, and Burke, JF. Disability in people with epilepsy: a nationally
representative cross-sectional study. Epilepsy Behav. (2020) 112:107429. doi: 10.1016/j.
yebeh.2020.107429

23. Tonescu, CG, Popa-Velea, O, Mihiilescu, Al, and Pirlog, MC. Somatic symptoms
and sleep disorders: a literature review of their relationship, comorbidities and treatment.
Healthcare. (2021) 9:1128. doi: 10.3390/healthcare9091128

frontiersin.org


https://doi.org/10.3389/fneur.2025.1758811
https://www.frontiersin.org/journals/neurology
https://www.frontiersin.org
https://doi.org/10.1016/j.yebeh.2017.07.016
https://doi.org/10.1016/S1474-4422(15)00225-2
https://doi.org/10.1016/S1474-4422(15)00225-2
https://doi.org/10.1016/j.spen.2020.100856
https://doi.org/10.1016/j.jpsychores.2020.110111
https://doi.org/10.1016/j.jpsychores.2015.07.012
https://doi.org/10.1016/j.jpsychores.2015.07.012
https://doi.org/10.1016/j.jpsychores.2024.111691
https://doi.org/10.1177/17562864221138147
https://doi.org/10.1016/j.nbd.2021.105544
https://doi.org/10.4103/wajm.wajm_175_22
https://doi.org/10.1055/s-0038-1646947
https://doi.org/10.1055/s-0038-1646947
https://doi.org/10.1111/epi.13709
https://doi.org/10.1111/epi.13709
https://doi.org/10.1046/j.1528-1157.2001.32800.x
https://doi.org/10.1016/j.yebeh.2018.06.014
https://doi.org/10.1016/j.yebeh.2018.06.014
https://doi.org/10.1002/14651858.CD012081.pub3
https://doi.org/10.1002/14651858.CD015455
https://doi.org/10.1111/epi.13446
https://doi.org/10.1111/epi.13446
https://doi.org/10.1212/WNL.0000000000200996
https://doi.org/10.1017/S003329171900014X
https://doi.org/10.1016/j.jpsychores.2024.111608
https://doi.org/10.1016/j.jpsychores.2024.111608
https://doi.org/10.3389/fnins.2022.816435
https://doi.org/10.1111/bjop.12201
https://doi.org/10.1016/j.yebeh.2020.107429
https://doi.org/10.1016/j.yebeh.2020.107429
https://doi.org/10.3390/healthcare9091128

Shen et al.

24.Li, X, Zhang, Y, Wang, Q, Zhao, H, and Chen, J. MSPO: a machine learning
hyperparameter optimization method for enhanced breast cancer image classification.
Digital Health. (2025) 11:20552076251361603. doi: 10.1177/20552076251361603

25.Yang, Y, Li, H, Chen, ], Zhang, Z, and Tang, J. Thoughts of brain EEG signal-to-text
conversion using weighted feature fusion-based multiscale dilated adaptive DenseNet
with attention mechanism. Biomed Signal Process Control. (2023) 86:105120. doi:
10.1016/j.bspc.2023.105120

26. Yang, Y, Liu, X, Zhao, K, Patel, R, and Smith, AB. BrainCNN: automated brain
tumor grading from magnetic resonance images using a convolutional neural network-

Frontiers in Neurology

13

10.3389/fneur.2025.1758811

based customized model. SLAS Technol. (2025) 30:100334. doi:
slast.2024.100334

10.1016/j.

27.Yang, Y, Patel, R, Smith, AB, and Johnson, CD. The potential of ChatGPT in
assisting children with down syndrome. Ann Biomed Eng. (2023) 51:2638-40. doi:
10.1007/s10439-023-03304-z

28. Yee, CM, Tan, KL, Lim, WH, Tang, JYH, and Leau, Y-B. A systematic literature
review on Al-based methods and challenges in detecting zero-day attacks. IEEE Access.
(2024) 12:144150-63. doi: 10.1109/ACCESS.2024.3445764

frontiersin.org


https://doi.org/10.3389/fneur.2025.1758811
https://www.frontiersin.org/journals/neurology
https://www.frontiersin.org
https://doi.org/10.1177/20552076251361603
https://doi.org/10.1016/j.bspc.2023.105120
https://doi.org/10.1016/j.slast.2024.100334
https://doi.org/10.1016/j.slast.2024.100334
https://doi.org/10.1007/s10439-023-03304-z
https://doi.org/10.1109/ACCESS.2024.3445764

	The construction and validation of a clinical predictive model for somatic symptom disorders in epilepsy patients
	Introduction
	Objects and methods
	Object
	Method
	Collection of general clinical data
	Evaluation of relevant scales
	Statistical methods

	Results
	Comparison of clinical data between the SSD group and n-SSD group
	Comparison of scale scores between the SSD group and n-SSD group
	Variable filtering
	LASSO regression
	Univariate and multivariate logistic regression analysis
	Nomogram
	Performance and internal validation of the nomogram
	Model comparison and incremental value

	Discussion

	References

