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Objective: To develop and validate a prediction model based on the random forest algorithm to assess the risk of non-response to
methylphenidate (MPH) in children with attention deficit hyperactivity disorder (ADHD), thereby providing decision support for
individualized clinical treatment.

Methods: A total of 150 children with ADHD who received MPH treatment were prospectively and consecutively enrolled. Based on
changes in the Swanson, Nolan, and Pelham Rating Scale, Fourth Edition (SNAP-IV) scores after 3 months of treatment, patients were
classified into a treatment response group (n = 116) and a non-response group (n = 34). Differences in clinical characteristics, pre-
treatment clinical assessment scales, and laboratory parameters were compared. A random forest algorithm was used to construct the
prediction model. Feature importance was evaluated based on the decrease in node impurity.

Results: Serum 25-hydroxyvitamin D [25(OH)D], cortisol, S100f protein, brain-derived neurotrophic factor (BDNF), and urinary
catecholamines were lower in the treatment non-response group. The combined subtype of ADHD, higher SNAP-IV total score, lower
25(0OH)D levels, and lower dopamine levels were independent risk factors for non-response. In the random forest model, SNAP-IV
score had the highest feature importance. The model, incorporating clinical characteristics, pre-treatment clinical assessment scales,
and laboratory indicators, demonstrated excellent predictive performance in the test set (AUC=0.883; 95% confidence interval: 0.811—
0.956) and an overall accuracy of 86.67%.

Conclusion: The random forest-based prediction model can accurately identify children with ADHD who are unlikely to respond to
MPH treatment.
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Introduction
Attention deficit hyperactivity disorder (ADHD), a neurodevelopmental disorder featured by inattention and impulsivity,'
has a global prevalence of approximately 5%—7% among children.” This disorder impairs academic performance, social
functioning, and family dynamics in affected children. Moreover, its impact often persists into adulthood, imposing
substantial burdens on individuals, families, and society.3

Methylphenidate (MPH), a first-line central nervous system stimulant, effectively alleviates core symptoms in most
children with ADHD and is recommended as a cornerstone treatment in both domestic and international clinical
guidelines.*” However, considerable interindividual variability in treatment response has been observed in clinical
practice. Approximately 20%—-30% of children show a poor response to initial standard treatment and are considered non-
responders.®’ These patients not only fail to benefit from therapy but may also experience unnecessary adverse drug
effects, delays in receiving effective interventions, and increased psychological and financial burdens on their families
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due to repeated treatment failures. Therefore, early and accurate identification, prior to treatment initiation, of children at
high risk of non-response to MPH represents a critical clinical challenge for achieving individualized precision medicine
and optimizing initial treatment strategies in ADHD.

Current studies on predicting MPH treatment response have primarily focused on single or limited dimensions, such
as clinical subtypes, symptom severity, or selected neuropsychological features.® While these studies provide insights
into variability in treatment outcomes, their predictive performance remains limited. Moreover, most rely on traditional
linear statistical approaches, which are insufficient to fully capture the complex, nonlinear interactions underlying disease
characteristics and treatment response. In recent years, emerging evidence has explored associations between serum
biomarkers and ADHD symptoms or treatment outcomes.'’ However, studies integrating such biomarkers with multi-
dimensional clinical indicators into predictive models remain scarce.

Machine learning algorithms, particularly random forest, have demonstrated advantages in handling high-dimensional
data, capturing complex interactions, and mitigating overfitting, and have shown promise in prognostic prediction within
psychiatry."' As an ensemble learning approach, random forest constructs multiple decision trees and aggregates their
predictions, allowing it to effectively model nonlinear relationships and interactions among heterogencous predictors.
Furthermore, it can rank variable importance, thereby facilitating the identification of clinically relevant factors.
However, compared with conventional regression models, random forest may provide less intuitive interpretation of
the effects of individual variables.

Several studies have explored machine learning approaches for predicting treatment outcomes in ADHD. Kim et al'?
demonstrated that machine learning models integrating demographic, neuropsychological, environmental, and biological
features could distinguish responders from non-responders to methylphenidate treatment. More recently, Chen et al'?
reported that machine learning models incorporating neuroimaging radiomic features achieved promising performance in
predicting methylphenidate treatment response. These findings support the feasibility of applying machine learning
techniques to individualized treatment prediction in ADHD. However, most existing studies have relied on neuroimaging
data or a limited range of predictors, and few have comprehensively integrated routine clinical characteristics, multi-
dimensional assessment scales, and laboratory biomarkers into a unified prediction framework. Therefore, the application
of random forest models for predicting MPH response in children with ADHD remains relatively limited and warrants
further investigation.

Accordingly, the present study aims to develop a comprehensive prediction model based on the random forest
algorithm by integrating demographic characteristics, clinical subtypes, comorbidities, multidimensional pre-treatment
assessment scales, and relevant laboratory indicators. We hypothesized that this model could more accurately predict the
risk of non-response to MPH in children with ADHD, thereby assisting clinicians in pre-treatment risk stratification.

Materials and Methods

Study Design

This single-center, prospective observational cohort study was designed to explore risk factors for non-response to MPH in
children with ADHD and to construct a predictive model. The study protocol was approved by the institutional ethics review
board of The Fourth Hospital of Changsha (Integrated Traditional Chinese and Western Medicine Hospital of Changsha,
Changsha Hospital of Hunan Normal University) (No. CSSDSYY-YXLL-SC-2024-03-14). Written informed consent was
obtained from the legal guardians of all child participants, and verbal assent was obtained from the children themselves after a full
explanation of the study procedures in age-appropriate language, prior to study commencement. This study was conducted in
accordance with the principles of the Declaration of Helsinki.'* All data were anonymized to protect patient privacy.

Study Population

Children with ADHD who were newly diagnosed at our hospital and scheduled to initiate MPH treatment between
March 2024 and November 2025 were prospectively and consecutively enrolled. All participants completed baseline
assessments prior to treatment and were followed for at least 3 months. The final follow-up was completed in
February 2026.
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Inclusion criteria: (1) diagnosis of ADHD according to the Diagnostic and Statistical Manual of Mental Disorders,
Fifth Edition (DSM-5);'" (2) age 614 years; (3) first-time treatment with extended-release MPH; (4) no contraindica-
tions to MPH treatment, including but not limited to cardiovascular disease, hypertension, or other medical conditions
that could be exacerbated by MPH; (5) no history of neurological disorders or other severe systemic diseases; and (6)
complete clinical data available.

Exclusion criteria: (1) presence of severe systemic diseases, intellectual disability, pervasive developmental disorders,
schizophrenia, or other severe psychiatric disorders; (2) prior pharmacological treatment for ADHD; and (3) substantial
missing data.

Clinical Data Collection

Baseline data were prospectively collected using standardized case report forms, with selected demographic information
verified through the hospital electronic medical record system. Collected clinical characteristics included age, sex, body
mass index (BMI), family history, mode of delivery, ADHD clinical subtype, disease duration, and comorbidities
(language disorders and specific learning disorders).

For clinical assessment scales, the SNAP-IV, Conners Rating Scale (parent version), Chinese Wechsler Intelligence
Scale for Children (C-WISC), and Weiss Functional Impairment Rating Scale—Parent Report (WFIRS-P) were utilized:

SNAP-IV was used to quantitatively assess the severity of core ADHD symptoms.'® A 4-point Likert scale (0-3) was
applied (“not at all” = 0, “just a little” = 1, “quite a lot” = 2, “very much” = 3). The mean item scores for the inattention
subscale (items 1-9) and hyperactivity/impulsivity subscale (items 10—-18) were calculated by dividing the total score by
the number of items. Higher scores indicate greater symptom severity.

Conners Parent Symptom Questionnaire (PSQ) was used to comprehensively assess a wide range of behavioral
problems associated with ADHD.'” The questionnaire was completed by parents using a 4-point Likert scale (0-3), with
scores calculated as the mean item score (total score divided by number of items). Higher scores indicate greater severity.

C-WISC'® includes four core indices, Verbal Comprehension, Perceptual Reasoning, Working Memory, and
Processing Speed, and integrates 10 core subtests to comprehensively assess overall cognitive ability. Higher scores
indicate better cognitive function.

WFIRS-P was used to objectively evaluate the extent of functional impairment in daily life caused by ADHD
symptoms.'® A 4-point Likert scale (0-3) was applied, and scores were calculated as the mean item score. Higher scores
indicate greater impairment.

Laboratory Measurements

For detection of serum biomarkers, 5 mL of fasting venous blood was collected from the antecubital vein in the morning
prior to treatment. After standing, samples were centrifuged at 3000 r/min for 10 minutes to separate serum, which was
aliquoted and stored at —80°C. Serum levels of 25(OH)D, cortisol, S100 calcium-binding protein B (S100f), prolactin
(PRL), 5-hydroxytryptamine (5-HT), and brain-derived neurotrophic factor (BDNF) were measured using ELISA kits
(Enzyme-linked Biotechnology, Shanghai, China). Measurements were conducted using a BioTek ELx800 fully auto-
mated microplate reader (BioTek Instruments, Inc., Winooski, VT, USA).

Participants were instructed to collect 24-hour urine samples prior to treatment. Collection containers were preloaded
with 30 g of sodium dihydrogen citrate (10 g/L) as a preservative. Samples were stored at 4°C and protected from light
during collection. After completion, total urine volume was recorded, the sample was thoroughly mixed, and 5 mL was
collected for analysis. Concentrations of norepinephrine (NE) and dopamine in urine were measured using high-
performance liquid chromatography—tandem mass spectrometry (HPLC-MS/MS).

All measurements were performed in triplicate for each sample, and the mean value was used as the final result.
Analytical precision was assessed by calculating intra-assay and inter-assay coefficients of variation (CV). The intra-
assay CV was calculated based on three replicate measurements of the same sample within a single plate using the
formula: CV (%) = (standard deviation / mean) x 100%. Laboratory personnel were blinded to patients’ clinical
information and group allocation.
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Definition of Treatment Response and Grouping
Treatment efficacy was evaluated after 3 months of MPH therapy. Response was defined based on strict symptom
remission criteria using the SNAP-IV core symptom items (items 1-18) assessed at 3 months. The treatment response
group (remission) was defined as having a mean item score <1 across items 1-18, with all individual item scores <1 (ie.,
no longer meeting DSM-5 diagnostic criteria for ADHD).'®> The non-response group included those who did not meet
these criteria. This grouping served as the primary outcome variable.

A single-blind design was applied. All participants returned for follow-up after 3 months of MPH treatment, and
treatment efficacy was independently evaluated by a researcher blinded to baseline clinical characteristics. Group
assignment was strictly based on SNAP-IV scoring.

Statistical Analysis

Data analysis was performed using R software (version 4.5.1) and SPSS software (version 27.0; IBM Corp.,
Armonk, NY, USA). Continuous variables were expressed as mean + standard deviation and compared using the
independent samples ¢-test. Categorical variables were presented as frequencies (percentages) and compared using
the chi-square test. Variables with P < 0.05 in univariate analysis were included in multivariable logistic regression
to identify independent predictors. A random forest algorithm was used to construct the prediction model.
Bootstrap resampling was applied to generate the training set, and 500 decision trees were built. At each node
split, the number of randomly selected features was set to the square root of the total number of features. Out-of-
bag error was used for internal validation of model performance. Feature importance was assessed based on the
decrease in node impurity (Gini index). Model performance in the test set was comprehensively evaluated using
the area under the receiver operating characteristic curve (AUC), calibration curves, Brier score, and decision
curve analysis (DCA). All statistical tests were two-sided, and P < 0.05 was considered statistically significant.

Results

Comparison of Clinical Characteristics

A total of 150 children with ADHD were included in this study. According to the SNAP-IV assessment after 3 months of
MPH treatment (Table 1), 116 patients were classified into the response group and 34 into the non-response group. There
were no significant differences between the groups in age, sex, BMI, disease duration, family history, mode of delivery,

Table | Comparison of Clinical Characteristics Between Groups

Variable Response Non-Response tiy? P
Group (n=116) Group (n=34)

Age (years) 9.79£2.79 10.26+2.48 —0.889 0.376

Sex 0.301 0.584

Male (n/%) 69 (59.5%) 22 (64.7%)

Female (n/%) 47 (40.5%) 12 (35.3%)

BMI (kg/m?) 17.94x1.69 17.75+1.82 0.568 0.571

Disease duration (years) 1.87+0.93 2.14+0.71 —1.850 0.069

Family history (n/%) 14 (12.1%) 6 (17.6%) 0.708 0.400

Mode of delivery 0.265 0.606

Vaginal delivery (n/%) 59 (50.9%) 19 (55.9%)

Cesarean section (n/%) 57 (49.1%) 15 (44.1%)

Presence of language disorders (n/%) 22 (19.0%) Il (32.4%) 2.746 0.097

Specific learning disorders (n/%) 30 (25.9%) 15 (44.1%) 4.173 0.041

ADHD subtypes 9.920 0.007

Hyperactive/Impulsive (n/%) 38 (32.8%) 5 (14.7%)

Inattentional (n/%) 46 (39.7%) 10 (29.4%)

Mixed (n/%) 32 (27.6%) 19 (55.9%)
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or the presence of language disorders (all P > 0.05). However, the proportion of comorbid specific learning disorders was
significantly higher in the non-response group than in the response group (P = 0.041). In addition, the distribution of
ADHD subtypes differed significantly between the two groups (P = 0.007).

Comparison of Pre-Treatment Clinical Assessment Scales

Pre-treatment clinical assessment results showed significant differences between the response and non-response groups in
terms of core ADHD symptoms, cognitive function, and functional impairment (Table 2). The non-response group had
significantly higher SNAP-IV scores than the response group (P < 0.001), and PSQ scores were also markedly elevated (P <
0.001), indicating more severe inattention, hyperactivity/impulsivity symptoms, and behavioral problems. In contrast,
cognitive function, as assessed by C-WISC, was significantly higher in the response group than in the non-response group
(P < 0.001). Furthermore, the non-response group exhibited significantly greater overall functional impairment on the
WFIRS-P (P < 0.001). These findings indicate that children with ADHD who did not respond to MPH treatment had more
severe baseline symptoms, lower cognitive function, and more pronounced functional impairment prior to treatment.

Comparison of Pre-Treatment Laboratory Parameters

Analysis of pre-treatment laboratory parameters (Table 3) demonstrated that serum levels of 25(OH)D, COR, S100p, and
BDNF were significantly higher in the response group than in the non-response group (all P < 0.05). In addition, urinary
catecholamine levels, including NE and dopamine, were significantly higher in the response group (all P < 0.05).
However, no significant differences were observed between the two groups in serum PRL or 5-HT levels (both P > 0.05).

Multivariable Logistic Regression Analysis of Non-Response to MPH

Multivariable logistic regression analysis suggested that ADHD subtype, higher pre-treatment SNAP-IV total score, lower
urinary dopamine levels, and lower serum 25(OH)D levels may be associated with an increased risk of non-response to MPH
treatment after adjustment for potential confounders (Table 4). However, given the limited number of outcome events relative to
the number of variables included in the model, these findings should be interpreted as exploratory.

Table 2 Comparison of Pre-Treatment Clinical Assessment Scale Scores
Between Groups

Variable Response Non-Response | t P
Group (n=116) | Group (n=34)

SNAP-IV (points) | 1.88+0.36 2.26+0.41 —5.352 <0.001

PSQ (points) 2.09+0.37 2.36+0.39 -3.783 <0.001

C-WISC (points) | 74.56+5.49 69.82+5.35 4.448 <0.001

WEFIRS-P (points) | 2.01+0.37 2.20+0.35 —2.639 <0.001

Table 3 Comparison of Pre-Treatment Laboratory Parameters Between Groups

Variable Response Non-Response t P
Group (n=116) Group (n=34)

25(OH)D (ng/mL) 19.34+2.60 16.57+2.59 5.466 <0.001
COR (nmol/L) 224.64+17.34 217.96+14.13 2.055 0.042
S100B (ng/mL) 15.76£1.15 15.21£1.05 2.469 0.015
NE (pg/mL) 319.65+17.78 309.34+11.35 4.040 <0.001
PRL (ng/mL) 5.66x1.07 545+1.13 0.973 0.332
5-HT (ng/mL) 4.02+0.88 3.8210.74 1.199 0.232
BDNF (ng/L) 25.76x1.41 24.82+1.29 3.448 <0.001
Dopamine (pg/mL) 421.24+27.14 397.84+22.21 4.593 <0.001
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Table 4 Multivariable Logistic Regression Analysis of Non-Response to MPH

Variable B SE w P OR 95% ClI
Specific learning disorders | 0.713 0.715 0.996 0.318 2.041 0.503+8.285
ADHD subtypes 1.064 0.476 5.003 0.025 2.897 1.141+7.359
SNAP-IV 1.813 0.808 5.034 0.025 6.126 1.258+29.843
PSQ 0.896 0.813 1.216 0.270 2451 0.498+12.060
C-WisC —0.118 0.063 3.439 0.064 0.889 0.785+1.007
WEFIRS-P 1.189 0.831 2.047 0.153 3.282 0.644+16.726
25(CH)D —0.296 0.123 5.842 0.016 0.744 0.585+0.946
COR —0.010 0.020 0.234 0.628 0.990 0.952+1.030
S100B —0.101 0.332 0.093 0.761 0.904 0.472+1.731
NE —0.041 0.023 3.268 0.071 0.960 0.918+1.003
BDNF —0.466 0.253 3.404 0.065 0.627 0.382+1.029
Dopamine —0.027 0.013 4433 0.035 0.974 0.949+0.998

Other variables, including comorbid specific learning disorders, PSQ, C-WISC, and WFIRS-P scores, as well as
serum levels of S100B3, COR, and BDNF and urinary NE levels, did not show significant associations in the multivariable
analysis (all P > 0.05).

Overall, these results suggest that specific clinical phenotypes, baseline symptom severity, and alterations in vitamin
D and dopamine levels may be potential factors associated with treatment non-response, which warrant further validation
in larger cohorts.

Construction and Performance Evaluation of the Random Forest Model

To predict the risk of non-response to MPH in children with ADHD, a random forest model was constructed by incorporating
all variables with P < 0.05 in the univariate analysis, including clinical characteristics, clinical assessment scale scores, and
laboratory parameters. Feature importance, assessed by the mean decrease in Gini index (Figure 1A), indicated substantial
variability in the contribution of different predictors. Among all variables, SNAP-IV score had the highest importance,
followed by 25(OH)D, dopamine, and PSQ. The importance of C-WISC, NE, BDNF, COR, WFIRS-P, and S100f decreased
sequentially. ADHD subtype and comorbid specific learning disorders contributed minimally to model prediction.
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Figure | Construction of the random forest model (A) Variable importance analysis of the random forest model. (B) ROC curve.
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Figure 2 Model calibration and clinical utility (A) calibration curve of the random forest model. (B) DCA.

The out-of-bag error rate of the model in the training set was 13.21%, indicating good internal consistency and
stability. Receiver operating characteristic curve analysis demonstrated an AUC of 0.883 (95% confidence interval:
0.811-0.956) (Figure 1B). In the test set, the overall prediction accuracy of the model was 86.67%, indicating strong
discriminative ability in distinguishing responders from non-responders to MPH treatment.

Model Calibration and Clinical Utility
Calibration analysis (Figure 2A) showed that the bootstrap-corrected calibration curve (B = 1000 resamples) closely
approximated the ideal diagonal line. The Brier score was 0.109, indicating good calibration performance and minimal
deviation between predicted probabilities and observed outcomes. The Hosmer-Lemeshow goodness-of-fit test demon-
strated no significant difference (x> = 8.312, df = 8, P = 0.404), further confirming good agreement between predicted and
observed risks.

DCA (Figure 2B) showed that the model provided a positive net benefit across a threshold probability range of 0.01—
0.50, with a maximum net benefit of 0.219. These results indicate that the model offers meaningful clinical utility, even at
relatively low risk thresholds, and may support clinical decision-making.

Discussion

In this study, a random forest model was developed to predict the risk of non-response to MPH in children with ADHD
based on clinical characteristics, clinical assessment scales, and laboratory parameters, and its performance was
compared with that of multivariable logistic regression analysis. The results demonstrated that the random forest
model exhibited good discrimination, calibration, and clinical applicability in both the training and test sets. Variable
importance analysis indicated that SNAP-IV score, 25(OH)D, dopamine, and PSQ were the most influential predictors,
suggesting that treatment response to MPH is determined, to a certain extent, by both clinical phenotypes and biological
characteristics.

In the present study, SNAP-IV score showed the highest importance in the random forest model and was also
identified as an independent risk factor in the multivariable logistic regression analysis, highlighting its critical role in
predicting non-response to MPH. The SNAP-IV scale is widely used to assess the severity of core ADHD symptoms, and
its total score directly reflects the severity of inattention and hyperactivity/impulsivity. Previous studies have demon-
strated that baseline symptom severity is a key predictor of treatment response, with more severe symptoms generally
associated with poorer response to pharmacotherapy.”*' This phenomenon may be related to greater neurocognitive
impairment, as children with more severe baseline symptoms may exhibit more pronounced deficits in executive function
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and emotional regulation, which could jointly influence treatment outcomes. The findings of this study further confirm
that elevated pre-treatment SNAP-IV scores are independently associated with non-response to MPH, underscoring the
importance of baseline symptom severity in predicting treatment outcomes.

In addition, serum 25(OH)D levels and urinary dopamine levels demonstrated significant predictive value in both
models and were identified as independent risk factors for non-response to MPH, which has important pathophysiological
implications. Vitamin D is not only involved in calcium and phosphorus metabolism but also influences dopamine
synthesis by regulating the expression of tyrosine hydroxylase. Vitamin D receptors are widely distributed in brain
regions rich in dopaminergic neurons.?? Clinical studies have also shown that children with ADHD generally have lower
serum 25(OH)D levels, which are negatively correlated with SNAP-IV scores, and that vitamin D supplementation can
significantly improve core ADHD symptoms.'® Dopamine is the primary target of MPH, which increases synaptic
dopamine levels by blocking the dopamine transporter. Low baseline dopamine levels may indicate insufficient func-
tional reserve of the dopaminergic system, thereby reducing the therapeutic efficacy of MPH.?* The findings of this study
are consistent with these mechanistic insights and further support the critical roles of vitamin D and dopamine in
modulating response to MPH from a clinical perspective.

It is noteworthy that ADHD subtype was identified as an independent risk factor in the multivariable logistic
regression analysis but demonstrated minimal importance in the random forest model. This discrepancy reflects the
inherent differences between the two analytical approaches: logistic regression focuses on the independent net effect of
each variable, whereas random forest evaluates the overall predictive contribution by capturing nonlinear relationships
and interactions. The combined subtype of ADHD may be inherently associated with higher SNAP-IV scores and lower
dopamine levels, and its predictive information may be subsumed by these continuous variables in the random forest
model. This observation is consistent with previous studies showing that random forest models can more effectively
integrate multidimensional predictive information and often outperform traditional logistic regression models.**
Similarly, another study using a random forest model to predict response to neurofeedback therapy in ADHD also
demonstrated favorable predictive accuracy.!' Collectively, these findings highlight the unique advantages of machine
learning approaches, such as random forest, in capturing complex, nonlinear, and interactive relationships, thereby
serving as a valuable complement to conventional regression methods.

The random forest model developed in this study demonstrated good discrimination, calibration, and net clinical
benefit, indicating its potential clinical utility. Previous studies have often relied on neuroimaging or genetic markers to
construct predictive models, such as random forest models based on polygenic risk scores derived from gene sets.?
However, these approaches are often costly and less accessible, limiting their clinical applicability. In contrast, the
present study utilized readily obtainable clinical characteristics, assessment scales, and routine laboratory parameters,
offering advantages of non-invasiveness, simplicity, and low cost, making it more feasible for implementation in primary
healthcare settings. This model may assist clinicians in identifying children at high risk of non-response to MPH prior to
treatment initiation, thereby enabling early optimization of treatment strategies, such as incorporating behavioral therapy,
switching medications, or adjusting dosage regimens.

Despite its strengths, including a prospective design, standardized procedures, and integration of multidimensional
variables, this study has several limitations. First, as a single-center study, all participants were recruited from the same
hospital, which may introduce selection bias, and the generalizability of the model to other populations and clinical
settings requires further validation. Second, the sample size was relatively small, particularly in the non-response group,
which may affect model stability and generalizability; thus, multicenter studies with larger sample sizes are needed for
external validation. Third, the follow-up period was limited to 3 months, which allows assessment of short-term
treatment efficacy but does not capture long-term treatment outcomes or the risk of symptom relapse. Given that
ADHD is a chronic neurodevelopmental disorder, long-term prediction of treatment response is also clinically important.
Moreover, information regarding concurrent non-pharmacological interventions was not systematically collected and
therefore could not be incorporated into the present model. As such interventions may influence treatment outcomes,
their omission may have introduced residual confounding and potentially affected predictive accuracy. Finally, due to
study constraints, multimodal biological data such as genetic and neuroimaging markers were not included; incorporation
of these deeper-level features may further enhance predictive performance. Future studies should therefore focus on
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multicenter, large-sample, long-term prospective designs, with more comprehensive assessment of treatment-related
factors, as well as integration of multimodal data, to further validate and optimize the model and improve its general-
izability and clinical applicability.

Conclusion

In this prospective observational cohort study, a random forest model based on clinical characteristics, assessment scales,
and laboratory parameters effectively predicted the risk of non-response to MPH in children with ADHD. SNAP-IV
score, serum 25(OH)D level, and urinary dopamine level were identified as key predictors. The model relies on readily
accessible clinical indicators and offers advantages of simplicity and low cost, providing a practical tool for clinicians to
identify high-risk patients before treatment initiation and to optimize therapeutic strategies early. However, given the
limitations of a relatively small sample size and single-center design, further multicenter external validation is warranted,
along with exploration of multimodal data integration to enhance model generalizability.
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