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Background: Attention Deficit/Hyperactivity Disorder (ADHD) is a highly

prevalent neurodevelopmental disorder, but its diagnosis remains constrained.

This study aimed to identify potential candidate indicators and construct an

interpretable machine learning model for the identification of ADHD.

Methods: A total of 8,598 children were enrolled and classified into three groups:

ADHD (n=3,678), subthreshold ADHD (s-ADHD) (n=1,495), and healthy controls

(HC) (n=3,425). Data collection covered 40 variables, including demographics,

routine blood counts, serum biochemical parameters, body composition and

systemic inflammation markers. Analysis of Variance (ANOVA) compared

differences among the three groups, and key predictors were selected via

Least Absolute Shrinkage and Selection Operator (LASSO) regression. Five

machine learning models (Decision Tree, Random Forest, Multilayer

Perceptron, Extreme Gradient Boosting, and Light Gradient Boosting Machine

[LightGBM]) were developed for three clinically relevant binary classification

tasks. SHapley Additive exPlanations (SHAP) values were applied to interpret

the optimal model.

Results: ANOVA indicated significant differences (P < 0.05) in most parameters

among the three groups. However, post-hoc Least Significant Difference (LSD)

tests showed that compared with HC, the ADHD group showed elevated

inflammatory markers (NLR, PLR, SII), glucose, body mass index(BMI), and body

fat percentage, but reduced albumin, total cholesterol, and lymphocyte counts.

Similar alterations were observed in the s-ADHD group, showing a pattern

consistent with that of the ADHD group. LASSO regression (l.1se=0.038)
selected 11 core predictors, with age, RDW-SD, sex, calcium, glucose, and

albumin among the most contributing variables. Among the models, LightGBM

demonstrated the best performance when distinguishing ADHD from HC

(AUC = 0.924 with 36 features vs. AUC = 0.885 with 11 features). However, the

model failed to effectively distinguish between ADHD and s-ADHD.
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Conclusions: This study reveals potential candidate indicators of ADHD and

establishes an interpretable, low-cost machine learning model based on routine

clinical data, offering a promising tool for early screening and clinical

decision support.
KEYWORDS

attention deficit/hyperactivity disorder, machine learning, routine blood counts, serum
biochemical parameters, systemic inflammation markers
1 Introduction

Attention Deficit/Hyperactivity Disorder (ADHD) is among the

most prevalent childhood neurodevelopmental disorders globally,

characterized by persistent symptoms of hyperactivity, impulsivity,

and inattention (1). Epidemiological studies estimate the global

prevalence of ADHD to be approximately 8% (2). In some cases,

symptoms persist into adulthood (3), where individuals with ADHD

are more likely to develop substance and alcohol use disorders and

engage in antisocial behavior, and may also present, with anxiety and

depressive disorders (4, 5). This poses serious challenges for public

health and social governance. The etiology and pathophysiology of

ADHD remain unclear, with converging evidence implicating genetic

(6, 7), neurobiological, environmental (8, 9), and psychosocial factors.

In individuals with ADHD, neuroinflammation, such as

leukocyte infiltration into the central nervous system and

compromised blood-brain barrier integrity, have been implicated

in the pathogenesis of ADHD (10). Systemic inflammation and

immune dysregulation are increasingly recognized as potential

contributors to ADHD pathophysiology (11, 12). Peripheral

hematological markers, including neutrophil-to -lymphocyte ratio

(NLR), platelet-to-lymphocyte ratio (PLR), red cell distribution

width-to-platelet ratio (RPR), and systemic immune-

inflammation index (SII), have been proposed as accessible

indicators of inflammatory status (11, 12). Cholesterol is a key

component of cell membranes, essential for maintaining fluidity,

structural stability, and signal transduction (13). Evidence suggests

an association between cholesterol and hyperactive behaviors (14),

with low cholesterol levels linked to increased aggression and

impulsivity. In addition, cholesterol metabolism plays an

important role in both the induction and resolution of

inflammatory responses (5).
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Machine learning (ML) models are increasingly applied in

medical research, offering powerful tools for analyzing complex

datasets and enabling early disease detection and prognostic

assessment across diverse fields such as oncology (15), medical

imaging, neurology (16), cardiology (17), orthopedics, and

infectious diseases. Handelman (18) have argued for ML as a

critical tool for managing large heterogeneous datasets,

emphasizing its potential to advance personalized medicine,

computer-assisted diagnosis, and global health care improvement.

In ADHD research, current applications have primarily centered on

treatment prognosis (19), neuroimaging analyses (20) and retinal

fundus imaging (21), with relatively few studies exploring biological

or clinical associative markers derived from routine data.

Although increasing evidence has advanced understanding of

ADHD pathophysiology, its diagnosis still relies primarily on

behavioral assessments and clinical judgment, with limited

objective laboratory support. Routine hematological and

biochemical parameters can reflect systemic inflammation,

immune status, and metabolic alterations, which are increasingly

implicated in neurodevelopmental disorders. Readily available

clinical indicators, including blood counts, biochemical indices,

and body composition measures, are cost-effective and easily

accessible. They may provide valuable clues to the underlying

mechanisms of ADHD and hold promise as practical diagnostic

associative markers. In this study, we included children with

ADHD, children exhibiting inattentive, hyperactive or impulsive

behaviors (subthreshold ADHD), and healthy controls to analyze

laboratory indices and routine clinical parameters. Based on these

data and Least Absolute Shrinkage and Selection Operator (LASSO)

regression for feature selection, we developed machine learning

models to enable early ADHD identification, offering a clinically

feasible and cost-effective approach to support diagnostic.
2 Methods

2.1 Study design and participants

We conducted a cross-sectional study, analyzing outpatient

records from the Children’s Hospital of Nanjing Medical

University between January and November 2023. The study
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population included children diagnosed with ADHD, subthreshold

ADHD cases and the healthy controls. ADHD was diagnosed

according to the Diagnostic and Statistical Manual of Mental

Disorders (22), Fifth Edition (DSM-5) (1). A behavioral rating

scale derived from the DSM-5 symptom criteria was used,

consisting of 18 items recorded in a binary (met/not met) format

and divided into two domains, including inattention and

hyperactivity/impulsivity. Children who met six or more criteria

in either domain, with symptoms lasting at least six months and

resulting in clinically significant impairment in social or academic

functioning, were diagnosed with ADHD. Subthreshold ADHD (s-

ADHD) cases were defined as children who exhibited behavioral

manifestations of inattention, hyperactivity/impulsivity at home or

school but met fewer than six criteria in either domain, and

therefore did not fulfill the full DSM-5 diagnostic criteria. Healthy

controls (HC) were children who underwent routine health check-

ups during the same period and had no symptoms of ADHD.

Children in the acute phase of infection, or with platelet

abnormalities, reduced hemoglobin levels, or elevated liver

enzyme concentrations were excluded from the study (Figure 1).

Ultimately, a total of 8,598 children were included in the study,

comprising 3,678 confirmed ADHD cases, 1,495 s-ADHD, and

3,425 HC.

This study was approved by the Ethics Committee of Nanjing

Children’s Hospital. In accordance with institutional and ethical

guidelines, informed consent was not required, as this retrospective

study did not involve the collection of identifiable patient information.
2.2 Laboratory measurements

Demographic characteristics, routine blood counts, serum

biochemical parameters, and body composition data were

collected for all participants. Venous blood samples were analyzed

for routine blood counts according to the WS/T 779–2021 industry

standard and for serum biochemical parameters using the Roche

automated platform. Biochemical and routine blood counts were

collected for all participants, with detailed descriptions provided in

Supplementary Table S1. Body composition was assessed with the

InBody system (version LookinBody120.4.0.0.6), focusing primarily

on body mass index (BMI) and percentage body fat (PBF). Age and

sex were included as demographic covariates. In addition, several

composite indices commonly regarded as markers of systemic

inflammation (23) were calculated, including the neutrophil-to-

lymphocyte ratio (NLR, neutrophil count/lymphocyte count),

platelet-to-lymphocyte ratio (PLR, platelet count/lymphocyte

count), red cell distribution width-to-platelet ratio (RPR, RDW-

CV/platelet count), and systemic immune-inflammation index (SII,

platelet count × neutrophil count/lymphocyte count).
2.3 Statistical analysis

All statistical analyses were performed using R (version 4.2.2),

and python (version 3.12). Continuous variables were expressed as
Frontiers in Psychiatry 03
mean ± standard deviation (SD), and categorical variables as counts

and percentages (%). Normality of continuous variables was

assessed using scatter plots, and missing values due to random

loss were imputed using multiple imputation (24). Differences

among ADHD, s-ADHD, and HC groups were assessed using

one-way Analysis of Variance (ANOVA), followed by post-hoc

comparisons using the Least Significant Difference (LSD) test. A

two-tailed P < 0.05 was considered statistically significant.
2.4 Machine learning methods

Figure 1 shows a technical flowchart of the four core steps:

data preparation, research subject screening, model training, and

evaluation & results, which clearly presents the machine learning

analysis workflow of this study. We applied five machine learning

methods: Decision Tree(DT), Random Forest(RF), Multilayer

Perceptron (MLP), Extreme Gradient Boosting (XGBoost), and

Light Gradient Boosting Machine (LightGBM) (25). Derived

inflammatory ratios (NLR, PLR, RPR, SII) were excluded from

the machine learning models to avoid redundancy and

multicollinearity with their component variables. All other

biochemical indices, routine blood counts, demographic

characteristics and body composition indices were included in

the models. DT (26) is a non-parametric supervised learning

method that makes predictions by recursively partitioning the

feature space into regions. RF (27) is an ensemble learning

algorithm that combines multiple decision trees using bootstrap

aggregation to reduce overfitting, enhance generalization.

XGBoost, an efficient implementation of gradient boosting, was

configured with logistic loss and regularization to enhance

predictive accuracy while preventing overfitting. LightGBM,

another gradient boosting framework, employed histogram-

based algorithms and leaf-wise tree growth, allowing faster

training on large-scale data (28). The multilayer perceptron

(MLP) is a feed-forward neural network composed of input,

hidden, and output layers, using nonlinear activation and

dropout techniques to capture complex nonlinear relationships

between features and outcomes (29). Since different models

demonstrate distinct advantages in feature optimization, this

study employed DT, RF, XGBoost, LightGBM, and MLP for

comparative analysis to evaluate the performance of various

machine learning methods. All analyses were conducted in

python (version 3.12) using scikit-learn (version1.5.2) for DT,

RF, XGBoost (version3.0.4) and LightGBM (version4.6.0). All

remaining continuous variables were standardized using z-score

normalization. The outcome variable (group) was treated as a

binary label. The dataset was randomly split into a training set

(70%) and a test set (30%), using stratified sampling by diagnostic

group to maintain class balance, with gender and age incorporated

as covariates in the model. Additionally, to enhance model

usability, feature selection was performed using LASSO

regression. LASSO (30) applies L1 regularization to shrink or

eliminate less important feature coefficients, reducing model

complexity and improving prediction robustness.
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2.5 Model performance assessment and
interpretation

We applied machine learning methods to compare the ADHD

group, the s-ADHD group, and the HC group, conducting pairwise

analyses for ADHD vs HC, s-ADHD vs HC, and ADHD vs s-ADHD.

Hyperparameters for all five models were tuned using a combination

of cross-validation (CV) and manual adjustment. Five-fold CV was

ultimately applied, with the area under the receiver operating

characteristic curve (ROC) used as the primary performance metric

to determine the optimal model configuration. In addition to area

under the curve (AUC), we evaluated model performance using

calibration and classification metrics, including sensitivity, specificity,
Frontiers in Psychiatry 04
positive predictive value (PPV), negative predictive value (NPV),

accuracy (ACC), F1 score (2×Precision×Recall/(Precision+Recall)),

and Youden’s J index (Sensitivity+Specificity−1). Confusion matrices

were generated to visualize the distribution of true positives, false

positives, true negatives, and false negatives. Precision-recall curves

(PRC) and the corresponding area under the curve (PR-AUC) were

also calculated to further assess discriminative ability.

Due to the black-box nature of machine learning models, the

contribution of individual features is often difficult to interpret. We

used SHAP (31) (version 0.48.0) in python to evaluate feature

importance. SHAP employs a game-theoretic approach to aggregate

local contributions of features, providing a global explanation of the

model and enhancing the interpretability of tree-based models.
FIGURE 1

Workflow of machine learning model development for ADHD classification. Data preprocessing included outlier removal, random imputation, and z-
score normalization, followed by a stratified random split with a 7:3 ratio. Five models (DT, RF, XGBoost, LightGBM, MLP) were trained for three
pairwise classifications. Model performance was assessed using AUC, accuracy, sensitivity, specificity, and related metrics with ROC and PR curves.
LightGBM achieved the best performance. LASSO regression selected 11 stable predictors, and SHAP analysis visualized feature contributions.
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3 Results

3.1 Patient characteristics

We analyzed demographic factors (age, sex), biochemical and

routine blood indices (Supplementary Table S1), body composition

(BMI, PBF) and composite indicators (NLR, PLR, RPR, SII) in 3,678

children with ADHD, 1,495 with s-ADHD and 3,425 HC. The

healthy control group had a mean age of 7.73 ± 2.74 years (59.6%

males), the s-ADHD group had a mean age of 9.19 ± 2.18 years

(78.1% males), and the ADHD group had a mean age of 8.75 ± 1.93

years (81.6% males). All variables followed a normal distribution, as

verified through scatter plots. The missing rate for each variable was

less than 20%, and multiple imputation was applied to handle

missing values. One-way ANOVA followed by LSD post hoc tests

was performed. Significant group differences were observed across

multiple parameters, with distinct trends across the three groups

(Table 1). ANOVA results revealed significant differences in most

parameters among the three groups. Subsequent LSD post-hoc tests

indicated that both ADHD and s-ADHD groups differed

significantly from HC in most parameters, while differences

between ADHD and s-ADHD were less pronounced.

For inflammatory indicators, ADHD and s-ADHD groups

exhibited significantly lower lymphocyte counts (LYMPH)

compared to HC (F = 120.71, P < 0.001), while inflammation-

related indices (NLR, PLR, SII) were elevated in both ADHD and s-

ADHD groups relative to HC (all P < 0.001). For example, SII was

higher in ADHD (362.46 ± 203.94) and s-ADHD (356.34 ± 247.03)

compared to HC (318.55 ± 168.02). However, no significant

differences were found between ADHD and s-ADHD (all

P>0.05).For protein metabolism indicators in biochemical indices,

intergroup differences in total protein (TP), albumin (Alb), globulin

(Glb), albumin/globulin ratio (A/G), and prealbumin (PA) were

highly significant (all P < 0.05). Compared with the HC group, both

ADHD and s-ADHD groups showed lower levels of Alb

(46.16 ± 2.41, 45.17 ± 2.34, 45.31 ± 2.29 g/L, F = 170.21,

P < 0.001) and A/G ratio, but higher levels of TP, Glb, and PA.

In addition, ADHD and s-ADHD groups had higher glucose (Glu)

concentrations than HC (P < 0.001). Lipid metabolism indicators

revealed elevated triglycerides (TG) and reduced HDL-C levels in

both ADHD and s-ADHD groups compared to HC (all P < 0.001).

Similarly, BMI and PBF were significantly higher in ADHD and s-

ADHD groups compared to HC (F = 95.95 and F = 43.53,

respectively, both P < 0.001).
3.2 ML models establishment and
comparison

Figure 1 illustrates the overall workflow for ML model

construction and selection: ①Data preparation. After removing

outliers, imputing missing values using random imputation, and

z-score normalization, the dataset was divided into training and test

sets in a 7:3 ratio using stratified sampling. ②Model training. Five

machine learning models (DT, RF, XGBoost, LightGBM, and MLP)
Frontiers in Psychiatry 05
were trained for three pairwise classifications: ADHD vs HC,

ADHD vs s-ADHD, and s-ADHD vs HC. ③Model evaluation.

Model performance was assessed on the test set using multiple

metrics, including AUC, accuracy, sensitivity, specificity, PPV,

NPV, F1 score, and Youden’s J. ROC and precision-recall curves

were plotted for visual comparison. Confusion matrices were

generated for each model and the classification threshold was

examined. ④Model usability. In the three group comparisons,

LightGBM achieved the best performance in distinguishing

ADHD from healthy controls. To enhance the model’s usability,

LASSO regression was applied to select features from 36 candidates,

and 11 stable features were retained under the l.1se criterion.

LightGBM models built with 36 vs 11 variables were then

compared in terms of ROC-AUC performance. ⑤Model

interpretability. Feature contributions for the selected LightGBM

model were evaluated using SHAP, and beeswarm plots were

generated to rank and visualize important features.

Across all models and metrics, LightGBM consistently achieved

the best performance (Table 2). In the ADHD vs HC task, it reached

an AUC of 0.924, outperforming XGBoost (0.920) and RF (0.913).

Its precision–recall curve also yielded the highest PR-AUC (0.910),

confirming robust discriminative power (Figure 2). LightGBM also

excelled in sensitivity (0.893), specificity (0.815), PPV (0.838), NPV

(0.877), accuracy (0.855), and F1 score (0.865). These results

demonstrate its balanced ability to identify both positive and

negative samples, while maintaining high overall classification

accuracy. XGBoost and Random Forest also showed competitive

performance, albeit slightly inferior to LightGBM. MLP yielded

moderate results, whereas Decision Tree had the weakest

performance across most indices (Table 2). Confusion matrices

for each model are displayed in Figure 3. In the s-ADHD vs HC

comparison, a similar pattern was observed. LightGBM again

achieved the highest AUC (0.914), with XGBoost (0.909) and

Random Forest (0.900) performing comparably well, while MLP

and Decision Tree underperformed (Supplementary Figure 1). In

contrast, none of the five models demonstrated meaningful

predictive ability in distinguishing ADHD from s-ADHD, with

AUCs ranging from 0.529 to 0.674 (Table 2), indicating limited

predictive capability for this contrast.
3.3 Model selection and interpretation

To enhance interpretability and minimize redundancy, LASSO

regression was applied with fivefold cross-validation, identifying 11

stable predictors (l.1se = 0.038). In the ADHD vs HC comparison

(Figure 4), 11 features were retained at l.1se (0.038): age (0.0402),
sex (0.0579), Alb (−0.0539), A/G (−0.0138), Glu (0.0531), Ca

(0.0576), Mg (0.0357), EO (−0.0217), LYMPH (−0.0135), RDW-

SD (−0.0058), and BMI (0.0047). Sex, Ca, Glu, and Age had the

largest positive coefficients, whereas Alb showed the largest negative

coefficient, indicating their predominant contributions to the

penalized model . In the s-ADHD vs HC comparison

(Supplementary Figure 2), 12 nonzero features were retained at

l.1se (0.038): Age, Sex, Alb, A/G, Glu, Ca, Mg, EO, LYMPH, PDW,
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TABLE 1 Characteristics of biochemical and routine blood indices in children with diagnosed ADHD, children with subthreshold ADHD, and healthy
children.

Mean ± SD

F P*

P† P† P†

Healthy s - ADHD ADHD ADHD vs
HC

s - ADHD vs
HC

s - ADHD vs
ADHDn=3425 n=1495 n=3678

Lipid metabolism

TP (g/L) 71.00 ± 3.72 71.40 ± 3.51 71.24 ± 3.75 7.32 0.001 0.006 <0.001 0.158

Alb (g/L) 46.16 ± 2.41 45.31 ± 2.29 45.17 ± 2.34 170.21 <0.001 <0.001 <0.001 0.052

Glb (g/L) 24.83 ± 3.31 26.17 ± 3.11 26.04 ± 3.21 154.58 <0.001 <0.001 <0.001 0.181

A/G 1.89 ± 0.29 1.76 ± 0.25 1.76 ± 0.25 245.56 <0.001 <0.001 <0.001 0.968

PA (g/L) 0.21 ± 0.04 0.22 ± 0.04 0.22 ± 0.04 53.56 <0.001 <0.001 <0.001 <0.001

K (mmol/L) 4.37 ± 0.31 4.32 ± 0.36 4.34 ± 0.40 10.21 <0.001 0.005 <0.001 0.038

Ca (mmol/L) 2.50 ± 0.10 2.56 ± 0.10 2.55 ± 0.10 292.53 <0.001 <0.001 <0.001 0.034

Mg (mmol/L) 0.88 ± 0.06 0.92 ± 0.06 0.92 ± 0.09 223.44 <0.001 <0.001 <0.001 0.580

P (mmol/L) 1.59 ± 0.14 1.58 ± 0.16 1.60 ± 0.16 8.42 <0.001 0.001 0.266 0.001

Glu (mmol/L) 4.89 ± 0.41 5.16 ± 0.42 5.12 ± 0.42 349.29 <0.001 <0.001 <0.001 0.010

TG (mmol/L) 0.80 ± 0.39 0.86 ± 0.48 0.92 ± 0.61 52.48 <0.001 <0.001 <0.001 <0.001

TC (mmol/L) 4.21 ± 0.73 4.21 ± 0.76 4.17 ± 0.72 4.13 0.016 0.006 0.771 0.068

HDL-C (mmol/L) 1.62 ± 0.33 1.58 ± 0.33 1.55 ± 0.32 32.79 <0.001 <0.001 <0.001 0.030

Blood routine inflammation indicators

WBC (109/L) 7.59 ± 2.58 7.19 ± 1.92 7.39 ± 2.04 17.29 <0.001 <0.001 <0.001 0.002

NEUT (109/L) 3.62 ± 1.56 3.44 ± 1.36 3.57 ± 1.45 7.69 <0.001 0.161 <0.001 0.003

LYMPH (109/L) 3.43 ± 1.16 3.06 ± 0.88 3.10 ± 0.89 120.71 <0.001 <0.001 <0.001 0.140

MONO (109/L) 0.53 ± 0.26 0.49 ± 0.17 0.51 ± 0.19 15.1 <0.001 <0.001 <0.001 0.022

EO (109/L) 0.33 ± 0.30 0.24 ± 0.21 0.25 ± 0.26 97.95 <0.001 <0.001 <0.001 0.493

BASO (109/L) 0.04 ± 0.03 0.04 ± 0.02 0.04 ± 0.02 0.59 0.553 0.490 0.319 0.583

RBC (1012/L) 4.67 ± 0.28 4.72 ± 0.34 4.69 ± 0.34 12.93 <0.001 0.001 <0.001 0.035

HGB (g/L) 130.69 ± 9.46 132.11 ± 9.18 130.99 ± 8.75 12.94 <0.001 0.168 <0.001 <0.001

HCT (%) 39.40 ± 2.64 39.79 ± 2.76 39.46 ± 2.71 11.52 <0.001 0.347 <0.001 <0.001

MCV (fL) 84.68 ± 7.45 84.57 ± 4.18 84.09 ± 4.42 9.98 <0.001 <0.001 0.591 <0.001

MCH (pg) 28.14 ± 2.57 28.08 ± 1.65 27.88 ± 1.81 15.00 <0.001 <0.001 0.400 <0.001

MCHC (g/L) 331.52 ± 16.27 332.45 ± 11.10 332.31 ± 12.07 3.84 0.022 0.019 0.043 0.702

RDWSD (fL) 39.67 ± 3.82 38.74 ± 2.51 38.80 ± 2.75 80.45 <0.001 <0.001 <0.001 0.422

RDWCV (fL) 12.87 ± 1.02 12.58 ± 0.75 12.69 ± 0.85 64.71 <0.001 <0.001 <0.001 <0.001

PLT (109/L) 288.08 ± 60.25 294.16 ± 62.24 295.19 ± 62.80 12.73 <0.001 <0.001 0.001 0.591

PCT (%) 0.27 ± 0.05 0.28 ± 0.05 0.28 ± 0.05 43.76 <0.001 <0.001 <0.001 0.533

MPV (fL) 9.55 ± 0.92 9.71 ± 0.97 9.73 ± 1.01 34.52 <0.001 <0.001 <0.001 0.634

PDW (fL) 12.88 ± 2.67 11.70 ± 2.61 11.95 ± 2.76 147.57 <0.001 <0.001 <0.001 0.003

PLCR (%) 22.00 ± 6.39 22.81 ± 7.43 22.96 ± 7.73 17.28 <0.001 <0.001 <0.001 0.507

Composite indices of systemic inflammation

NLR 1.11 ± 0.55 1.21 ± 0.83 1.22 ± 0.62 30.47 <0.001 <0.001 <0.001 0.608

(Continued)
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RDW-CV, and RDW-SD. These variables showed substantial

overlap with those identified in the ADHD vs HC model,

suggesting a largely consistent set of discriminative features across

both comparisons. Performance comparison showed that the

reduced 11-variable LightGBM model (AUC = 0.885) retained

nearly the same accuracy as the full 36-variable model

(AUC = 0.924), confirming the parsimony and robustness of the

selected predictors (Table 2).

Figure 5 presents a SHAP beeswarm plot illustrating the

contribution of each feature to the LightGBM model in the

ADHD vs HC comparison after LASSO regression. SHAP values

are color coded, with blue indicating lower feature values and red

indicating higher values, thereby reflecting the relationship between

feature levels and prediction outcomes. Age, sex, calcium, and

glucose had the strongest positive effects on ADHD prediction,

whereas albumin and lymphocytes were negatively associated. The

consistency of these markers across both ADHD and s-ADHD

comparisons suggests shared biological profiles that distinguish

both clinical groups from healthy peers.
4 Discussion

ADHD is highly prevalent and imposes substantial burdens on

academic performance, daily functioning, and social interactions in

affected children (32). However, the etiology of ADHD remains

unresolved, and its diagnosis continues to rely predominantly on

clinical evaluation, with limited objective laboratory support. In our

large-sample study including individuals with ADHD, s-ADHD

and HC, we systematically assessed demographic characteristics,

routine blood parameters, biochemical indices, and body

composition data to delineate their profiles. Moreover, by
Frontiers in Psychiatry 07
integrating multiple ML models with LASSO-based feature

selection, we aimed to achieve early identification of ADHD,

potentially providing a clinically feasible and cost-effective

framework to support diagnostic decision-making.

Morphology-derived indices calculated from routine

hematological parameters, such as NLR, PLR, RPR, and SII, are

widely regarded as objective peripheral markers of systemic

inflammatory response. Multiple studies have reported associations

between systemic inflammatory alterations and ADHD. For instance,

a study from Turkey (12) reported significantly elevated NLR and

PLR in children with ADHD compared with controls, with NLR

levels unaffected by age, sex, or medication use. Similarly, a meta-

analysis (33) from Poland confirmed increased NLR and PLR in

ADHD. Interventional studies further indicate that pharmacological

treatment may ameliorate inflammatory abnormalities. Atomoxetine

(34) has been shown to increase lymphocyte counts and albumin

levels, while methylphenidate (35) significantly reduced SII.

Consistent with these findings, our study demonstrated significantly

higher NLR, PLR, and particularly SII in both ADHD and s-ADHD.

Importantly, such abnormalities are not unique to ADHD. Similar

evidence has been reported in bipolar disorder(BD) (36) and major

depressive disorder (MMD) states (37). These findings indicate that

altered peripheral inflammatory profiles are commonly observed

across ADHD and other neuropsychiatric conditions.

Routine blood counts and biochemical parameters provide

essential information on systemic inflammation, hepatic and renal

function, electrolyte balance, and lipid metabolism. Leveraging the

diagnostic advantages of machine learning, models built on

hematological and biochemical data have been extensively applied

to cardiovascular diseases (17), chronic kidney disease (38), sepsis

(39) and early tumor detection (40). Based on these considerations,

our study incorporated five commonly used machine learning
TABLE 1 Continued

Mean ± SD

F P*

P† P† P†

Healthy s - ADHD ADHD ADHD vs
HC

s - ADHD vs
HC

s - ADHD vs
ADHDn=3425 n=1495 n=3678

Composite indices of systemic inflammation

PLR 93.09 ± 34.94 103.72 ± 36.53 101.93 ± 32.76 78.06 <0.001 <0.001 <0.001 0.085

RPR 0.05 ± 0.01 0.04 ± 0.01 0.05 ± 0.01 23.26 <0.001 <0.001 <0.001 0.251

SII
318.55 ±
168.02

356.34 ±
247.03

362.46 ±
203.94

46.66 <0.001 <0.001 <0.001 0.358

Body composition

BMI (kg/m²) 16.45 ± 3.04 17.38 ± 3.16 17.45 ± 3.39 95.95 <0.001 <0.001 <0.001 0.480

PBF (%) 17.97 ± 7.79 19.08 ± 8.30 19.83 ± 8.96 43.53 <0.001 <0.001 <0.001 0.005
ADHD, Attention Deficit/Hyperactivity Disorder: Children diagnosed with ADHD according to DSM-5 criteria; s – ADHD, subthreshold ADHD, Children exhibiting symptoms such as
impulsivity and hyperactivity, but not meeting the diagnostic criteria for ADHD; TP, Total protein; Alb, Albumin; Glb, Globulin; A/G, Albumin/Globulin ratio; PA, Prealbumin; K, Potassium;
Ca, Calcium; Mg, Magnesium; P, Phosphorus; Glu, Glucose; TG, Triglycerides;TC, Total cholesterol; HDL-C, High-density lipoprotein cholesterol; WBC, White blood cell count; NEUT,
Neutrophils; LYMPH, Lymphocytes – LYMPH; Mono, Monocytes; EO, ; BASO, Basophils; RBC, Red blood cell count; HGB, Hemoglobin; HCT, Hematocrit; MCV, Mean corpuscular volume;
MCH, Mean corpuscular hemoglobin; MCHC, Mean corpuscular hemoglobin concentration; RDW-CV, RDW-SD, Red cell distribution width (coefficient of variation, standard deviation); PLT,
Platelet count; PLT, Platelet count; PCT, Plateletcrit; MPV, Mean platelet volume; PDW, Platelet distribution width; PLCR, Platelet large cell ratio; NLR, Neutrophil-to-lymphocyte ratio; PLR,
Platelet-to-lymphocyte ratio; RPR, Red cell distribution width-to-platelet ratio; SII, Systemic immune-inflammation index; BMI, Body mass index; PBF, Percentage body fat. P < 0.05 was
considered statistically significant. Bold highlights P < 0.05. P*: One-way ANOVA; P†: LSD Bold indicates
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models: DT, RF, MLP, XGBoost and LightGBM. Among these,

LightGBM achieved the most favorable balance between predictive

accuracy and computational efficiency. This finding is consistent

with a study from Jiangnan University (41), which analyzed 242

controls and 498 ADHD cases and identified Gradient Boosting

Machine (GBM) as the optimal model. This advantage can be

attributed to the characteristics of the present dataset, which

features high dimensionality, a mixture of continuous and
Frontiers in Psychiatry 08
categorical variables, unequal group sizes, and potential

multicollinearity among predictors. LightGBM is particularly well

suited for handling such heterogeneous and imbalanced clinical

data. Its histogram-based gradient boosting framework enables

efficient processing of high-dimensional features while reducing

computational complexity, and its built-in categorical feature

encoding eliminates the need for one-hot encoding, thereby

simplifying data preprocessing. Moreover, the gradient boosting
TABLE 2 Evaluation of model performance in the three comparison groups using five machine learning models.

AUC Sensitivity Specificity PPV NPV ACC YoudenJ F1

ADHD vs HC, 36 variables

DT 0.758 0.785 0.732 0.758 0.76 0.759 0.517 0.771

RF 0.913 0.909 0.781 0.817 0.889 0.847 0.690 0.861

XGBoost 0.920 0.880 0.806 0.830 0.863 0.845 0.687 0.854

LightGBM 0.924 0.893 0.815 0.838 0.877 0.855 0.708 0.865

MLP 0.872 0.813 0.779 0.798 0.795 0.797 0.592 0.806

ADHD vs HC, 11 variables after LASSO

DT 0.722 0.740 0.703 0.728 0.716 0.722 0.443 0.734

RF 0.878 0.836 0.781 0.804 0.816 0.809 0.617 0.820

XGBoost 0.877 0.850 0.758 0.790 0.824 0.805 0.607 0.819

LightGBM 0.885 0.858 0.767 0.798 0.834 0.814 0.624 0.827

MLP 0.837 0.802 0.725 0.758 0.774 0.765 0.527 0.779

s-ADHD vs HC, 36 variables

DT 0.718 0.638 0.797 0.578 0.835 0.749 0.435 0.607

RF 0.900 0.679 0.914 0.776 0.867 0.843 0.593 0.724

XGBoost 0.909 0.741 0.896 0.756 0.888 0.849 0.637 0.749

LightGBM 0.914 0.777 0.898 0.768 0.902 0.861 0.675 0.772

MLP 0.865 0.650 0.900 0.739 0.855 0.824 0.549 0.691

s-ADHD vs HC, 12 variables after LASSO

DT 0.721 0.605 0.838 0.619 0.829 0.767 0.442 0.612

RF 0.884 0.656 0.910 0.760 0.859 0.833 0.566 0.704

XGBoost 0.883 0.654 0.889 0.720 0.855 0.818 0.543 0.685

LightGBM 0.898 0.703 0.900 0.754 0.874 0.840 0.603 0.727

MLP 0.85 0.592 0.910 0.740 0.836 0.813 0.501 0.658

ADHD vs s-ADHD, 36 variables

DT 0.529 0.334 0.723 0.330 0.727 0.611 0.058 0.332

RF 0.649 0.087 0.988 0.750 0.727 0.727 0.075 0.156

XGBoost 0.657 0.261 0.916 0.557 0.753 0.726 0.176 0.355

LightGBM 0.674 0.207 0.945 0.604 0.745 0.731 0.152 0.308

MLP 0.608 0.002 1.000 1.000 0.711 0.711 0.002 0.004
ADHD, Attention Deficit/Hyperactivity Disorder: Children diagnosed with ADHD according to DSM-5 criteria; s - ADHD, Children exhibiting symptoms such as impulsivity and hyperactivity,
but not meeting the diagnostic criteria for ADHD; AUC, area under the curve; PPV, positive predictive value; NPV, negative predictive value; ACC, Accuracy; F1, 2×Precision×Recall/(Precision
+Recall); DT, Decision Tree; RF, Random Forest; MLP, Multilayer Perceptron; XGBoost, Extreme Gradient Boostin; LightGBM, Light Gradient Boosting Machine. ADHD vs HC,11 variables
after LASSO: Age, Sex, Alb, A/G, Glu, Ca, Mg, EO, LYMPH, RDWSD, BMI (l.1se. = 0.038). s- ADHD vs HC, 12 variables after LASSO: Age, Sex, Alb, A/G, Glu, Ca, Mg, EO, LYMPH, PDW,
RDWCV, RDWSD (l.1se. = 0.038).
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strategy dynamically adjusts feature weights during model training,

effectively mitigating the impact of multicollinearity.

In contrast, none of the models showed meaningful

discriminatory power between ADHD and s-ADHD. Several

possible explanations may account for this observation. First,
Frontiers in Psychiatry 09
ADHD and s-ADHD may share substantial biological overlap, as

both groups exhibit similar behavioral manifestations of

inattention, hyperactivity, and impulsivity. Second, diagnostic

ambiguity may contribute, given that ADHD diagnosis primarily

relies on behavioral symptoms and the clinical judgment of
FIGURE 2

Receiver operating characteristic (ROC) and precision–recall (PR) curve comparisons for ADHD vs healthy controls. (A) ROC curves of five machine
learning models (DT, RF, XGBoost, LightGBM, MLP) showing model discrimination performance. LightGBM achieved the highest AUC (0.924),
followed by XGBoost (0.920) and Random Forest (0.913). (B) PR curves demonstrated consistent results, with LightGBM exhibiting the highest PR-
AUC (0.9098), confirming its superior classification ability.
FIGURE 3

Confusion matrices of five machine learning models for ADHD vs. healthy controls. Confusion matrices display model classification results on the
test set. LightGBM achieved the highest accuracy and optimal balance between sensitivity and specificity, followed by Random Forest and XGBoost,
indicating its superior performance in distinguishing ADHD from healthy controls.
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physicians, which can introduce variability. Third, the

hematological and biochemical indicators included in this study

may have inherent measurement limitations and insufficient

sensitivity to detect subtle metabolic or neurobiological

distinctions between the two groups. Finally, algorithmic

constraints should also be acknowledged. These factors

collectively highlight the complexity of ADHD recognition and

diagnosis, emphasizing the need for future research integrating
Frontiers in Psychiatry 10
multimodal data to enhance diagnostic precision and

model interpretability.

LASSO feature selection substantially reduced the number of

variables while maintaining comparable predictive performance in

the LightGBM model, thereby enhancing clinical practicality

without sacrificing accuracy. The substantial overlap of LASSO-

selected variables between the ADHD vs HC and s-ADHD vs HC

comparisons, including age, sex, Alb, A/G, Glu, Ca, Mg, EO,
FIGURE 4

Feature selection using LASSO regression for ADHD vs healthy controls. (A) LASSO coefficient paths showing the shrinkage of variables with
increasing regularization strength (l). (B) Five-fold cross-validation curve for binomial deviance with l.min and l.1se indicated by red and blue
dashed lines. At l.1se (0.038), 11 stable predictors were retained: age, sex, Alb, A/G, Glu, Ca, Mg, EO, LYMPH, RDW-SD, and BMI.
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LYMPH, and RDW-SD. Notably, our results partially align with

those of Xinyu Zhang (41), who identified RDW-SD and EO

percentage as key predictors in an ML-based ADHD diagnostic

model. These findings demonstrate the robustness and

reproducibility of hematology- and biochemistry-based machine

learning models for ADHD identification across diverse research

settings. Given the black-box nature of machine learning, we

applied SHAP analysis to enhance interpretability. SHAP

confirmed the importance of several clinical variables, including

sex, age, Ca, Glu, and BMI, which contributed strongly to

model predictions.

The machine learning model captures data-driven statistical

associations, and the findings should be interpreted with caution,

taking into account developmental, behavioral, environmental, and

methodological factors. In our study, age and sex emerged as two of

the most influential predictors in the model. Significant group

differences were observed in both variables, with a higher

proportion of males and slightly older age in the ADHD group,

which is a characteristic feature of real-world data. However, the

strong predictive power of these variables likely reflects

developmental and epidemiological trends rather than direct

mechanistic insights into ADHD pathophysiology. As children

age, improvements in executive functioning (42) and increasing

behavioral expectations may make ADHD symptoms more

detectable and reportable. Similarly, the gender difference is

consistent with established epidemiological evidence where the

prevalence rate in males is significantly higher than that in females.

Our study found significantly higher BMI and Glu levels in

children with ADHD, consistent with previous literature. A
Frontiers in Psychiatry 11
Brazilian cohort study (21), showing that higher childhood

ADHD scores predicted abnormal body fat composition in early

adulthood, possibly via binge eating and impaired emotional

regulation. Likewise, a study from Upstate Medical University

(43) identified a significant correlation between ADHD symptoms

and elevated Glu levels, while research from Thailand (44) further

indicated that higher intake of sugar-sweetened beverages was

associated with increased ADHD symptom risk among university

students. Previous evidence suggests that children with ADHD

exhibit nearly twice the prevalence of unhealthy lifestyle

behaviors (45) compared with typically developing peers. It is

noteworthy that lifestyle factors such as dietary patterns,

nutritional intake, and sleep quality play a crucial role in the

onset and prognosis of psychiatric disorders (46). Our study also

revealed significantly reduced TC and HDL-C in ADHD and s-

ADHD, consistent with previous evidence, including findings by

Sibelnur Avcil (14) linking low cholesterol to hyperactivity in boys.

Such alterations in lipid homeostasis may affect serotonergic

signaling via cholesterol-dependent modulation of membrane

microdomains (47), potentially contributing to aggression,

impulsivity, and ADHD symptoms.

RDW-SD and albumin were identified as core predictive

features for analysis in our study. RDW reflects the degree of

heterogeneity in red blood cell volume (48), while albumin is the

most abundant circulating protein in plasma. Both are widely

recognized as comprehensive associative markers associated with

inflammatory responses, oxidative stress, and nutritional status. A

study from Iran (49) confirmed that RDW levels are significantly

elevated in individuals with mental disorders such as depression
FIGURE 5

SHAP beeswarm plot for feature contributions in the LightGBM model for ADHD vs healthy controls. The plot shows the impact of 11 selected features on
ADHD prediction. Each point represents a sample, with color indicating feature value (red: high; blue: low). Age, RDW-SD, Glu, Ca, and male sex increased
ADHD risk, whereas lower Alb and LYMPH values reduced predicted probability, highlighting key contributors to model decision-making.
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and anxiety, suggesting that RDW may be associated with

neurodevelopmental or emotional regulation processes. However,

these associations are more likely influenced by interacting factors

such as nutritional or inflammatory states, rather than being specific

to any single disease process.

In addition, our study identified serum calcium and magnesium

levels as potential predictive indicators of ADHD. Calcium ions (50)

play a central role in neuronal membrane depolarization and synaptic

plasticity, while magnesium, as a natural NMDA receptor antagonist,

modulates calcium influx and participates in regulating neuronal

excitability and neuroinflammatory responses. The two elements

work synergistically to maintain neurotransmitter release, synaptic

homeostasis, and neural signal integration. Previous studies have

reported lower serum magnesium levels in individuals with autism

spectrum disorder and depression (51). Animal studies have further

shown that L-type calcium channel blockers (such as amlodipine) can

reduce hyperactivity and impulsive behaviors in rodent and zebrafish

models (52), supporting a potential role of calcium signaling pathways

in behavioral regulation. However, serum Ca and Mg levels can only

indirectly reflect systemic homeostasis, their relationship with

intracellular concentrations and neural function requires further

elucidation through molecular and neuroimaging studies.

Although the identified inflammatory and metabolic features

provided strong discriminative power for our diagnostic model, the

cross-sectional design of this study only reveals associations and

does not allow determination of whether these markers represent

antecedent risk factors or downstream consequences of the

disorder. Previous research has shown that irregular sleep

patterns (53), disordered eating behaviors (46), and hyperactivity

commonly observed in children with ADHD can influence energy

metabolism and gut microbiota homeostasis, thereby altering

glucose, lipid, and inflammatory marker levels. Moreover, it

cannot be excluded that genetic factors (6, 7) or environmental

influences may concurrently drive both ADHD symptoms and

associative markers alterations. Future studies should adopt

longitudinal cohort designs, following children from the

preschool period and continuously monitoring inflammatory and

metabolic trajectories before and after the onset of ADHD

symptoms. Such approaches will help elucidate the temporal

relationships underlying these associations and provide more

robust evidence for the biological mechanisms of ADHD.

Taken together, our study has several strengths. First, only a few

ML models incorporating laboratory indices for ADHD have been

reported to date, whereas our study included a large sample of 8,598

children, enhancing the reliability of the findings. Second, the use of

routine hematological, biochemical and body composition

parameters, which are cost-effective, easily accessible, and highly

feasible, offers practical value and generalizability. These measures

help to address the lack of objective laboratory evidence in ADHD

diagnosis and may reduce the risk of underdiagnosis. Third, we

included children with s-ADHD, who present clinical symptoms

but do not meet DSM-IV diagnostic criteria, thereby facilitating the
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early identification of children at potential risk for ADHD. Finally,

by integrating multiple machine learning models with ANOVA

analysis, LASSO-based feature selection, and SHAP interpretability

analysis, our study not only achieved strong predictive performance

but also provided robust explanatory value.

This study also has several limitations. First, as a cross-sectional

analysis focusing solely on laboratory parameters, it did not account

for potential confounding factors such as genetic background,

lifestyle, medication use, comorbidities, nutritional status,

environmental exposures, and socioeconomic conditions, all of

which may influence the interpretability of the model. Second,

differences in age and sex distribution were observed among the

groups, which are inherent characteristics of real-world data. The

ADHD cohort consisted of outpatients who may represent children

with more clinically pronounced symptoms, whereas the healthy

control group was recruited from physical examination clinics and

may come from families with greater health awareness or easier

access to preventive healthcare. These characteristics could

introduce bias, and therefore, the findings should be interpreted

within the context of this specific clinical population. Third, as a

single-center study without external validation, our results can only

demonstrate associations rather than causal or temporal

relationships between ADHD and the identified associative

markers. External validation using independent or multicenter

datasets is needed to confirm the stability and generalizability of

the selected features. Future longitudinal and multicenter studies

incorporating multimodal data, including neuroimaging, behavioral

assessments, genetic background, and social environmental factors,

are warranted to further clarify causal directions and enhance the

translational robustness of these findings.
5 Conclusion

This study demonstrates that routine clinical indicators,

particularly systemic inflammation markers, serum biochemical

parameters, routine blood counts, and body composition

measures, hold potential as objective associative markers for

ADHD. Using Light Gradient Boosting Machine (LightGBM), we

established a low-cost and easily applicable model integrating

routine blood tests, biochemical indices, body composition, and

demographic information, which showed strong performance in

differentiating ADHD and subthreshold ADHD from healthy

controls. Our findings indicate that associative-marker-driven

machine learning models may serve as effective auxiliary tools for

early screening and objective diagnosis of ADHD.
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