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Abstract

Background
Mental health literacy (MHL) remains moderate to low in China. Using an interpretable machine learning
(ML) approach, we aimed to identify factors associated with MHL attainment among adults in Fengtai
District, Beijing, and to quantify their relative contributions.

Methods
We conducted a secondary analysis of the 2022 Fengtai District Mental Health Literacy Survey, a multi-
stage cross-sectional survey. MHL attainment was assessed with the Beijing Resident Mental Health
Literacy Monitoring Questionnaire, requiring all three dimension-specific thresholds. Six ML models
(logistic regression [LR], random forest [RF], k-nearest neighbors [KNN], decision tree [DT], naive Bayes
[NB], and support vector machine [SVM]) were trained on 15 biopsychosocial predictors. RF was
prespecified as the primary model. Internal validation used 1000 bootstrap replicates with pooled out-of-
bag predictions. Discrimination was assessed primarily by the area under the precision-recall curve (PR-
AUC) and secondarily by the area under the ROC curve (AUC). Calibration was assessed by the Brier
score and a logistic calibration model. Feature importance was assessed by Gini impurity and SHapley
Additive exPlanations (SHAP).

Results
Of 2004 respondents, 403 (20.11%) attained MHL. All six models exceeded the no-skill PR-AUC baseline
of 0.201, with 95% CI lower bounds above it. RF ranked first (PR-AUC 0.364, 95% CI 0.304–0.424),
followed by SVM (0.342) and LR (0.325); the others ranged from 0.270 to 0.315, and AUC from 0.604 to
0.684. At the Youden-optimal cut-off, recall ranged from 0.254 to 0.698 and precision was at most 0.354.
The RF calibration slope was 1.00 (95% CI 0.84–1.19), the intercept − 0.92, and the Brier score fell from
0.177 to 0.147 after recalibration. Gini impurity ranked age highest (23.03%) and SHAP life satisfaction
highest (15.00%); subdistrict, educational attainment, and monthly income were among the top five in
both rankings. Life satisfaction, education, income, and prior training contributed positively, whereas
older age and insomnia, depressive, or anxiety symptoms contributed negatively.

Conclusions
Interpretable ML quantified the relative contributions and directions of factors associated with MHL
attainment, with educational attainment, life satisfaction, and subdistrict consistently among the leading
factors. Given the modest discrimination, the primary model was used for interpretation rather than
individual-level screening.
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Background
Mental health literacy (MHL) was first defined by Jorm et al. as the knowledge and beliefs about mental
disorders that aid their recognition, management, and prevention [1]. Building on this foundational
concept, Chinese scholars have further characterized MHL as the knowledge, attitudes, and behavioral
habits that an individual develops in promoting mental health for themselves and others, and in dealing
with psychological disorders in themselves and others [2]. Recognized as a core component of overall
health literacy, MHL directly affects individuals’ mental well-being [3]. People with higher MHL identify
mental disorders more readily, seek information about them more actively, and consult professionals
more willingly [4]. Research on MHL in China nevertheless remains limited; most existing studies have
focused on limited populations and lack comprehensive, large-scale assessments [5, 6].

The Healthy China Initiative (2019–2030) has explicitly designated the improvement of residents’ MHL
as the primary performance indicator of its "Mental Health Promotion" campaign, with national targets of
20% by 2022 and 30% by 2030 [7]. Even so, the overall level of MHL in China remains moderate to low [8].
A national survey conducted in 2021–2022 by the Chinese Academy of Sciences reported MHL
attainment rates of only 6.4% among adolescents, 7.6% among older adults, and 15.8% among primary
and secondary school teachers [9]. In Guangdong Province, attainment was 13.6% among urban
residents and 8.6% among rural residents [6]. Urban-rural disparities and the concentration of megacity
populations make local evidence on the factors associated with MHL attainment particularly relevant.
Such evidence would provide an empirical basis for targeted mental health promotion policies. Fengtai
District was selected as the study setting because it includes residents of both urban and rural hukou
(household registration) status.

Although machine learning (ML) has shown considerable potential in mental health research [10, 11], its
application in MHL research remains scarce, and the factors associated with MHL attainment have not
been characterized using interpretable ML methods. For example, Mao et al. applied XGBoost and SHAP
to predict depression in older adults and identified MHL as the most influential factor [12]. In that study,
MHL was modeled as a predictor of depression rather than as the outcome of interest. To our
knowledge, no study has examined the factors associated with MHL attainment in the Chinese general
population using interpretable ML, although interpretable ML has been applied in this way to other health
outcomes in China [13]. Traditional approaches, such as logistic regression, assume linear relationships
between predictors and the outcome and may not capture nonlinear interactions among the multiple
factors associated with MHL [14]. ML algorithms, by contrast, accommodate nonlinear relationships and
higher-order interactions without a priori assumptions [11]. Interpretable ML methods such as SHapley
Additive exPlanations (SHAP) quantify the contribution of each factor and indicate the direction of its
association with the outcome [15].

The present study therefore aimed to characterize the factors associated with MHL attainment among
residents of Fengtai District, Beijing, using interpretable ML applied to data from a population-
representative cross-sectional survey. Six ML algorithms were compared and the primary model was
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interpreted using SHAP, with the contribution and direction of each factor, rather than individual-level
prediction or screening, as the analytical target.

Methods

Study participants
This was a secondary cross-sectional study based on the Fengtai District Mental Health Literacy Survey,
conducted by the Fengtai District Mental Health Center between August and November 2022. A multi-
stage random sampling design was used. In the first stage, probability proportional to size (PPS)
sampling selected five subdistricts from Fengtai District. In the second stage, PPS selected five
neighborhood committees within each selected subdistrict, yielding 25 neighborhood committees in
total. In the third stage, systematic sampling drew 90 to 100 households per neighborhood committee,
yielding 2471 sampled households. In the fourth stage, the Kish table was used to select one eligible
resident (aged 18 years or older) from each household; eligibility required residence in Beijing for at least
6 months and Chinese nationality.

Among the 2471 selected households, 433 either refused to participate or could not be contacted, and
2038 residents returned the questionnaire (response rate 82.5%). We excluded 34 respondents who did
not complete the questionnaire or whose responses were invalid. Finally, 2004 participants were
included in the analysis (Fig. 1).

Ethics statement
All data were fully anonymized before analysis; direct and indirect identifiers (names, national
identification numbers, contact information, and residential addresses) had been removed before
access.

Sample size
The sample size was determined a priori for the original survey. Based on the 2021 Beijing MHL baseline
of 13.8% (p = 0.138), with a relative allowable error of 15% (δ = 0.15) and α = 0.05 (z = 1.96), the required
sample for a single proportion was N = z²(1 − p)/(δ² p) ≈ 1066. A design effect of 1.5 for the multi-stage
PPS design and a 20% allowance for invalid or non-response questionnaires inflated the target to 2000
valid respondents. The realized household frame of 2471 was expected to yield at least this number
after non-response and invalid responses; the final analytic sample of 2004 provided 403 attainment
events, corresponding to approximately 27 events per parameter, which exceeds the conventional
minimum of 10.

Outcome variables
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MHL attainment was the outcome of interest. MHL was assessed with the Beijing Resident Mental
Health Literacy Monitoring Questionnaire, a standardized instrument developed and issued by the Beijing
Municipal Health Commission and approved by the Beijing Municipal Bureau of Statistics. Knowledge
was assessed with 22 true/false statements, each offering a "do not know" option, of which 20 were
scored at 5 points each (range 0–100); items 16 and 21 were unscored check items. Skills were
assessed with 16 items based on two clinical vignettes (range 0–40), and attitudes with 8 self-rated
items scored 1–4 (range 8–32). Incorrect and "do not know" responses were scored as zero, following
the national answer key. Respondents who met all three dimension-specific thresholds simultaneously
(knowledge ≥ 80/100, skills ≥ 28/40, and attitudes ≥ 24/32) were classified as having attained MHL, and
the attainment rate was the proportion of such respondents among the 2004 participants included in the
analysis.

Predictor variables
Guided by the biopsychosocial model, 15 candidate predictors were selected and grouped into three
domains.

(1) Sociodemographic characteristics: age (years); subdistrict of residence; gender; hukou type (urban
vs. rural); hukou location (Beijing vs. other); educational attainment; monthly income; occupation; and
marital status (having a spouse vs. not).

(2) Physical and mental health indicators: depressive symptoms (Patient Health Questionnaire-9, PHQ-9 
≥ 5, yes vs. no) [16]; anxiety symptoms (Generalized Anxiety Disorder-7, GAD-7 ≥ 5, yes vs. no) [17];
insomnia (Insomnia Severity Index, ISI ≥ 8, yes vs. no) [18]; self-rated health (healthy vs. ill or disabled);
and life satisfaction (satisfied vs. dissatisfied).

(3) Mental health training: prior participation in mental health courses or training (yes vs. no).

The subdistrict variable comprised five levels; it was retained as a categorical predictor via one-hot
encoding and interpreted collectively through SHAP rather than as separate coefficients, to limit
dimensionality inflation.

Missing data
Of 2038 returned questionnaires, 34 (1.67%) were excluded for incomplete or invalid mental health
literacy entries. No missing values remained on any analytic variable; complete-case analysis without
imputation was therefore performed.

Statistical analysis
Data preprocessing and analysis were performed with Python version 3.13.9 (Python Software
Foundation) with Jupyter Notebook and the scikit-learn, NumPy, SciPy, and Matplotlib packages.
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Continuous variables were summarized as mean ± standard deviation (SD), and categorical variables
were expressed as N (%).

For modeling, all 15 predictors were entered in full into each model. Continuous predictors were Z-score
standardized before fitting, so that logistic regression (LR) odds ratios reflect change per 1 SD, and
categorical variables were one-hot encoded. Internal validation was performed by bootstrap resampling
with 1000 replicates. In each replicate, the model was refitted on the bootstrap sample and used to
predict the outcome for the participants not included in that sample. Out-of-bag predictions were used in
two ways: metrics were computed within each replicate and then summarized across replicates,
whereas the calibration analysis of the primary model used predictions pooled across all replicates, as
described below.

Six models were compared: logistic regression (LR), a transparent parametric reference model
estimating the log-odds of attainment; random forest (RF), a bagging ensemble of decision trees robust
to nonlinearity and outliers; k-nearest neighbors (KNN), an instance-based nonparametric classifier
assigning the majority class among the k nearest samples; decision tree (DT), which recursively
partitions the feature space; naive Bayes (NB), a generative classifier assuming conditional
independence across features; and support vector machine (SVM), which maximizes the class margin
via kernel functions under structural risk minimization. Given the 20.11% prevalence of MHL attainment,
class weighting was applied in the LR, RF, DT, and SVM models, whereas no class weighting was applied
in KNN, and NB used its default class priors. The RF model was designated a priori as the primary model
for interpretation, given its capacity to accommodate nonlinearity and interactions and its built-in
measures of feature importance.

Model performance was assessed at two levels. Discrimination was quantified by the area under the
receiver operating characteristic curve (AUC) and the area under the precision-recall curve (PR-AUC);
given the class imbalance, PR-AUC was taken as the primary discrimination metric for the minority
(attained) class, thereby avoiding the overestimation of performance that AUC can produce under
imbalance. Threshold-dependent metrics, namely recall (sensitivity), specificity, precision, the F1 score,
and Youden’s J, were computed at the optimal probability cut-off maximizing Youden’s J on the
bootstrap predictions of each model. Discrimination metrics (AUC and PR-AUC) and the Brier score were
computed in each replicate for all six models and summarized across the 1000 replicates as the mean
with 95% confidence intervals. Calibration was assessed for the primary model using the out-of-bag
predictions pooled across replicates: the observed outcome was regressed on the predicted log-odds in
a logistic model, yielding a calibration intercept (α) and slope (β), with 95% confidence intervals obtained
by bootstrap resampling, and a calibration plot was produced [19]. An intercept of 0 and a slope of 1
indicate perfect calibration. Because the intercept deviated from 0, the primary model was updated by
logistic recalibration, in which the estimated intercept and slope were applied to the predicted log-odds
(new logit = α + β × original logit) and the Brier score was recalculated. Recalibration modifies the
calibration of the predicted probabilities but preserves their ranking, and therefore does not affect
discrimination.
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Two complementary methods were used to identify core predictors of MHL attainment in the primary
model. First, the built-in feature importance of the primary model, based on the mean decrease in Gini
impurity, ranked features by their average contribution across decision trees. Second, SHAP analysis of
the primary model, grounded in cooperative game theory, computed each feature's marginal contribution
to individual predictions and aggregated these into a global ranking [15]; it also indicates the direction of
each feature's association with the outcome. SHAP outputs comprised a global feature importance plot
(mean |SHAP|) and a beeswarm summary plot displaying the distribution of SHAP values for each
feature.

Results

Participant characteristics
A total of 2004 respondents were included in the final analysis, of whom 403 (20.11%) attained MHL and
1601 (79.89%) did not. The characteristics of participants are summarized in Table 1.
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Table 1
Characteristics of participants by mental health literacy attainment status (N = 2004).

Characteristic Category Attained (N 
= 403)

Not attained
(N = 1601)

Age (years, mean ± SD) 50.04 ± 
16.37

51.31 ± 15.14

Subdistrict      

  Chengshousi 110
(27.30%)

276 (17.24%)

  Fengtai 75 (18.61%) 329 (20.55%)

  Liuliqiao 95 (23.57%) 320 (19.99%)

  Wanping 84 (20.84%) 316 (19.74%)

  Xiluoyuan 39 (9.68%) 360 (22.48%)

Gender      

  Male 185
(45.91%)

700 (43.72%)

  Female 218
(54.09%)

901 (56.28%)

Hukou type      

  Urban 375
(93.05%)

1396 (87.20%)

  Rural 28 (6.95%) 205 (12.80%)

Hukou location      

  Beijing 331
(82.13%)

1333 (83.26%)

  Other 72 (17.87%) 268 (16.74%)

Educational
attainment

     

  Junior high school or below 39 (9.68%) 338 (21.11%)

  Senior high school/technical secondary 68 (16.87%) 411 (25.67%)

  College 105
(26.05%)

331 (20.68%)

Note. Data are presented as N (column %) unless otherwise indicated; for each variable, the
percentages of its categories sum to 100% within each column.
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Characteristic Category Attained (N 
= 403)

Not attained
(N = 1601)

  Bachelor degree 152
(37.72%)

438 (27.36%)

  Master's degree or above 39 (9.68%) 83 (5.18%)

Monthly income
(yuan)

     

  ≤ 3000 29 (7.20%) 159 (9.93%)

  3001–5000 110
(27.29%)

599 (37.41%)

  5001–8000 128
(31.76%)

461 (28.80%)

  > 8000 136
(33.75%)

382 (23.86%)

Occupation      

  Management/professional/technical 112
(27.79%)

359 (22.43%)

  Production/service 82 (20.35%) 383 (23.92%)

  Retired 88 (21.84%) 464 (28.98%)

  Other/special populations 121
(30.02%)

395 (24.67%)

Marital status      

  Married 321
(79.65%)

1341 (83.76%)

  Unmarried/divorced/widowed 82 (20.35%) 260 (16.24%)

Self-rated health
status

     

  Healthy 386
(95.78%)

1454 (90.82%)

  Ill or disabled 17 (4.22%) 147 (9.18%)

Life satisfaction      

  Satisfied 378
(93.80%)

1288 (80.45%)

  Dissatisfied 25 (6.20%) 313 (19.55%)

Note. Data are presented as N (column %) unless otherwise indicated; for each variable, the
percentages of its categories sum to 100% within each column.
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Characteristic Category Attained (N 
= 403)

Not attained
(N = 1601)

Mental health
course/training

     

  Yes 173
(42.93%)

525 (32.79%)

  No 230
(57.07%)

1076 (67.21%)

Insomnia      

  No 364
(90.32%)

1283 (80.14%)

  Yes 39 (9.68%) 318 (19.86%)

Depressive
symptoms

     

  No 375
(93.05%)

1407 (87.88%)

  Yes 28 (6.95%) 194 (12.12%)

Anxiety symptoms      

  No 380
(94.29%)

1422 (88.82%)

  Yes 23 (5.71%) 179 (11.18%)

Note. Data are presented as N (column %) unless otherwise indicated; for each variable, the
percentages of its categories sum to 100% within each column.

[Table 1 near here]

Model performance
The performance of the six models, estimated by internal validation with 1000 bootstrap replicates, is
summarized in Table 2. Discrimination curves for the six models are shown in Fig. 2. With PR-AUC taken
as the primary metric given the 20.11% prevalence of MHL attainment, RF ranked highest, followed by
SVM, LR, NB, DT, and KNN (0.364, 0.342, 0.325, 0.315, 0.275, and 0.270, respectively). All values
exceeded the no-skill baseline defined by the outcome prevalence (0.201), and the lower bound of the
bootstrap 95% CI for RF (0.304) remained above this baseline. AUC ranged from 0.604 for KNN to 0.684
for RF, and the AUC of LR was identical to that of RF (0.684); however, the PR-AUC of LR (0.325) was
lower than that of RF (0.364).
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Table 2
Model performance of the six machine learning models

Model AUC
(95%
CI)

PR-AUC
(95%
CI)

Recall Specificity Precision F1 Youden’s
J

Brier
(95%
CI)

RF 0.684
(0.647–
0.718)

0.364
(0.304–
0.424)

0.408 0.812 0.354 0.377 0.219 0.181
(0.171–
0.191)

SVM 0.679
(0.641–
0.716)

0.342
(0.287–
0.405)

0.591 0.662 0.306 0.402 0.253 0.155
(0.141–
0.171)

LR 0.684
(0.646–
0.719)

0.325
(0.272–
0.383)

0.640 0.620 0.298 0.406 0.260 0.224
(0.211–
0.238)

NB 0.672
(0.632–
0.708)

0.315
(0.267–
0.367)

0.571 0.685 0.315 0.405 0.256 0.255
(0.215–
0.305)

DT 0.629
(0.582–
0.673)

0.275
(0.232–
0.329)

0.698 0.514 0.266 0.384 0.212 0.242
(0.226–
0.259)

KNN 0.604
(0.561–
0.647)

0.270
(0.223–
0.315)

0.254 0.866 0.325 0.284 0.121 0.196
(0.178–
0.215)

Note. Models are ordered by descending PR-AUC, the primary discrimination metric. Threshold-
dependent metrics (recall, specificity, precision, F1, and Youden’s J) are point estimates at the
optimal probability cut-off maximizing Youden’s J and are reported as the mean across 1000
bootstrap replicates. Abbreviations: AUC, area under the receiver operating characteristic curve; Brier,
Brier score; CI, confidence interval; DT, decision tree; F1, F1 score; KNN, k-nearest neighbors; LR,
logistic regression; NB, naive Bayes; PR-AUC, area under the precision–recall curve; RF, random
forest; SVM, support vector machine.

At the probability cut-off maximizing Youden's J, recall ranged from 0.254 to 0.698, specificity from 0.514
to 0.866, precision from 0.266 to 0.354, F1 from 0.284 to 0.406, and Youden's J from 0.121 to 0.260.
Specificity exceeded recall in five of the six models (the exception being LR, in which recall was higher
than specificity), and precision remained at or below 0.354 throughout. Across the six models, Brier
scores ranged from 0.155 (SVM) to 0.255 (NB) (Table 2).

Calibration and recalibration
Calibration of the RF model is shown in Fig. 3. The calibration intercept was − 0.92 (95% CI − 1.05 to − 
0.79) and the calibration slope was 1.00 (95% CI 0.84 to 1.19) (Fig. 3a). The calibration curve lay below
the diagonal across the observed range of predicted probabilities, indicating that predicted probabilities
of MHL attainment were higher than the observed proportions, whereas the slope was consistent with 1.
After recalibration, the calibration curve moved towards the diagonal and the Brier score decreased from
0.177 to 0.147 (Fig. 3b). Discrimination was unchanged, as recalibration preserves the ranking of
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predicted probabilities. Because the intercept and slope were estimated on the same out-of-bag
predictions used for recalibration, this reduction in the Brier score is descriptive; the recalibrated model
was not assessed in an independent sample.

Factors associated with MHL
The mean decrease in Gini impurity for the 15 original variables in the RF model is presented in Table 3.
Importance was unevenly distributed. Age contributed the largest share (mean Gini importance 0.230;
23.03% of the total), followed by subdistrict (0.150; 15.01%), educational attainment (0.114; 11.44%),
monthly income (0.094; 9.44%) and occupation (0.092; 9.23%). These five variables together accounted
for 68.15% of the total importance (Table 3; Fig. 4). Each of the remaining ten variables accounted for
less than 7%, and depressive symptoms (0.015; 1.50%) and anxiety symptoms (0.015; 1.49%) ranked
last.

Table 3
Gini importance of the 15 original variables in the random forest model

Variable Mean Gini importance SD Relative importance (%)

Age 0.230 0.010 23.03

Subdistrict 0.150 0.014 15.01

Educational attainment 0.114 0.009 11.44

Monthly income 0.094 0.007 9.44

Occupation 0.092 0.006 9.23

Life satisfaction 0.067 0.013 6.67

Mental health course/training 0.043 0.005 4.29

Gender 0.042 0.003 4.16

Insomnia 0.039 0.008 3.94

Marital status 0.028 0.004 2.83

Hukou type 0.027 0.007 2.75

Hukou location 0.025 0.003 2.54

Self-rated health status 0.017 0.005 1.68

Depressive symptoms 0.015 0.003 1.50

Anxiety symptoms 0.015 0.004 1.49

Note. Variables are ordered by mean Gini importance, estimated from 1000 bootstrap resamples of the
random forest model. Relative importance denotes each variable's share of the total mean Gini
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importance; percentages may not sum to exactly 100 because of rounding. Hukou, household
registration system in China; SD, standard deviation.

The global SHAP importance of the same 15 variables is presented in Table 4. Life satisfaction ranked
highest (mean |SHAP| 0.0496; 15.00%), followed by subdistrict (0.0459; 13.86%), educational attainment
(0.0393; 11.88%), age (0.0351; 10.60%) and monthly income (0.0324; 9.80%); these five variables
accounted for 61.14% of the total mean |SHAP|. Insomnia ranked sixth (0.0264; 7.98%) and occupation
seventh (0.0247; 7.47%) (Table 4; Fig. 5a). Hukou location ranked last (0.0049; 1.49%).

Table 4
Global SHAP importance of the 15 original variables

Variable Mean |SHAP| value Relative importance (%)

Life satisfaction 0.0496 15.00

Subdistrict 0.0459 13.86

Educational attainment 0.0393 11.88

Age 0.0351 10.60

Monthly income 0.0324 9.80

Insomnia 0.0264 7.98

Occupation 0.0247 7.47

Mental health course/training 0.0188 5.67

Hukou type 0.0165 4.98

Marital status 0.0100 3.01

Self-rated health status 0.0076 2.29

Gender 0.0075 2.27

Anxiety symptoms 0.0068 2.04

Depressive symptoms 0.0055 1.67

Hukou location 0.0049 1.49

Note. Variables are ordered by mean absolute SHAP value. SHAP values quantify each variable's
contribution to the model output, and larger values indicate greater influence. Relative importance
denotes each variable's share of the total mean absolute SHAP value; percentages may not sum to
exactly 100 because of rounding. Hukou, household registration system in China; SHAP, SHapley
Additive exPlanations.

The distribution and direction of SHAP values for each variable are shown in Fig. 5b, in which higher
feature values are shown in red and lower values in blue. Life satisfaction showed the widest spread:
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SHAP values for dissatisfied participants extended to approximately − 0.25, whereas values for satisfied
participants clustered near zero and slightly positive. Comparable patterns were observed for
educational attainment, monthly income, and prior participation in mental health courses or training, for
which higher values corresponded to positive SHAP values. In contrast, older age and the presence of
insomnia, depressive symptoms, or anxiety symptoms corresponded to negative SHAP values, whereas
their counterparts with lower values tended towards positive SHAP values. SHAP values for the
remaining variables were concentrated near zero.

The two rankings agreed in placing subdistrict, educational attainment and monthly income among the
five most influential variables. They diverged for age, which ranked first by Gini importance but fourth by
mean |SHAP|, and for life satisfaction, which ranked sixth and first, respectively. Rank shifts of three or
more positions were also observed for insomnia (ninth by Gini importance, sixth by mean |SHAP|),
gender (eighth and twelfth), hukou type (eleventh and ninth) and hukou location (twelfth and fifteenth).

Discussion
This study employed interpretable machine learning methods to identify factors associated with meeting
the mental health literacy (MHL) criteria and to characterize their relative contributions and directions
among adult residents in Fengtai District, Beijing. Of the 2004 residents, 403 (20.11%) simultaneously
met the thresholds across all three dimensions of knowledge, skills, and attitudes. This level exceeded
the 20% interim target for 2022 set by the Healthy China Action (2019–2030) but remained below the
30% target for 2030 [7]. Discrimination was limited across all six algorithms, with AUCs ranging from
0.604 to 0.684, and the highest PR-AUC, the primary discrimination metric, reaching 0.364 (95% CI,
0.304–0.424). The calibration intercept for the random forest model was − 0.92 (95% CI, − 1.05 to − 
0.79), indicating that predicted probabilities were systematically overestimated; after logistic
recalibration, the Brier score decreased from 0.177 to 0.147, while discrimination remained unchanged.
Gini importance and SHAP consistently identified subdistrict-level residence, educational attainment,
and monthly income as stable factors, whereas the importance rankings of age and life satisfaction
were markedly method-dependent.

Interpretation of results and mechanisms
The results showed that subdistrict-level residence ranked second under both methods (Gini importance,
0.150, 15.01%; SHAP, 0.0459, 13.86%). Based on within-subgroup calculations, MHL attainment rates
across subdistricts ranged from 9.77% (Xiluoyuan Subdistrict) to 28.50% (Chengshousi Subdistrict). This
variation suggests that MHL attainment is associated not only with individual characteristics but also
potentially with structural conditions at the community level [20]. Notably, subdistrict-level residence was
transformed into five dummy variables after one-hot encoding, and its importance in the model may have
been partially inflated by the increase in dimensionality [21]. Therefore, the high ranking of subdistrict-
level residence in both Gini importance and SHAP indicates only that this variable is associated with
MHL attainment overall; its importance cannot be directly equated with an independent community-level
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effect. In addition, this study did not include community-level variables such as per capita income or
mental health service accessibility [22], and thus could not identify specific community mechanisms.
Previous research suggests that the frequency, quality, and accessibility of community mental health
education activities may influence the efficiency with which mental health knowledge is disseminated
among residents [23]. With respect to intervention, strengthening community mental health service
capacity in subdistricts with lower attainment rates may be more efficient than merely expanding
individual-level knowledge dissemination.

Educational attainment ranked third under both SHAP (0.0393, 11.88%) and Gini importance (0.114,
11.44%), making it one of the factors that consistently entered the top five across both methods.
Stratified analyses showed that the MHL attainment rate was only 10.34% among those with junior high
school education or below, compared with 31.97% among those with a master's degree or higher,
indicating a clear educational gradient. This finding is consistent with previous research [24]. These
results suggest that the association between education and MHL is both statistically and substantively
meaningful. Education may promote MHL through multiple mechanisms. On the one hand, education
enhances individuals' capacity to obtain, understand, evaluate, and apply health information [25], which
are core dimensions of health literacy, making more educated individuals more likely to encounter and
comprehend mental health knowledge. On the other hand, education may improve cognitive flexibility,
helping individuals recognize their own psychological states and thereby engage in appropriate help-
seeking behaviors [26]. Therefore, educational attainment is not merely a demographic characteristic but
may also reflect comprehensive differences in information processing, cognitive resources, and health
behaviors. This also suggests that MHL promotion strategies targeting less educated populations
should avoid excessive use of professional terminology and instead adopt more accessible and
everyday communication approaches.

Monthly income ranked fourth under Gini importance (0.094, 9.44%) and fifth under SHAP (0.0324,
9.80%). Based on within-subgroup calculations, MHL attainment rates were 15.43% among those with a
monthly income of ≤ 3000 yuan, 15.51% among those with 3001–5000 yuan, 21.73% among those with
5001–8000 yuan, and 26.25% among those with > 8000 yuan. Occupation also entered the top seven
under both rankings (Gini importance, 0.092, 9.23%; SHAP, 0.0247, 7.47%). Together, these two variables
point to the dimension of socioeconomic status, suggesting that MHL attainment is associated with
individuals' disposable resources and their occupational environments [27]. It should be interpreted with
caution, however, that monthly income and educational attainment are often correlated at the individual
level [28], and collinearity was not examined in this study. Moreover, SHAP reflects marginal
contributions within a multivariable model and is not equivalent to independent effects after adjusting
for other variables [15]. Therefore, the relative contributions of income and occupation should be
regarded as hypotheses for further research rather than definitive effect estimates. From a policy
perspective, these findings suggest that MHL promotion should attend to groups with relatively limited
economic resources and, through community services, public education, and the development of service
accessibility, partially offset the impact of unequal resource distribution [29].
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Life satisfaction was the largest contributor in the SHAP ranking (0.0496, 15.00%) but ranked only sixth
in Gini importance (0.067, 6.67%). The SHAP beeswarm plot showed a positive association with MHL
attainment, with SHAP values for the dissatisfied group reaching as low as approximately − 0.25,
whereas those for the satisfied group clustered near zero and in the positive range. Based on within-
subgroup calculations, the MHL attainment rate was 22.69% among satisfied individuals and 7.40%
among dissatisfied individuals. Previous research suggests that life satisfaction reflects an individual's
overall cognitive evaluation of quality of life and is closely related to positive mental health and health
behaviors [30, 31]. At the same time, improved MHL may enhance individuals' emotional intelligence,
thereby improving subjective well-being [32]. Because this study used a cross-sectional design, however,
the temporal relationship between the two cannot be determined, and directional interpretations should
be made with caution [33].

Age showed a marked discrepancy in ranking between the two methods, ranking first under Gini
importance (0.230, 23.03%) but fourth under SHAP (0.0351, 10.60%). This divergence is more likely
attributable to methodological characteristics than to a substantive contradiction. Gini importance is
based on impurity reduction and systematically overestimates continuous variables with more distinct
values, which provide more potential split points; SHAP, grounded in cooperative game theory,
characterizes the marginal contribution of a feature to individual predictions and is relatively less
affected by the number of distinct values a variable takes [15]. Previous studies based predominantly on
traditional statistical methods have generally reported higher MHL among younger populations, with the
shared premise of treating age as a linear main effect. In this study, older residents corresponded to
negative SHAP values, indicating an association with a lower probability of meeting the MHL criteria, but
the strength of this contribution was weaker than that of life satisfaction, educational attainment, and
monthly income. Age should therefore not be treated as an independent intervention target. In addition,
interaction effects were not tested in this study, and whether age influences MHL through interactions
with other variables remains to be examined.

Insomnia ranked sixth under SHAP (0.0264, 7.98%) and ninth under Gini importance (0.039, 3.94%), with
a negative direction of association. Based on within-subgroup calculations, the MHL attainment rate was
10.92% among individuals with insomnia symptoms and 22.10% among those without. Previous
research suggests that sleep problems may affect subjective well-being through cognitive mediation and
are associated with reduced life satisfaction [34, 35]. Given that life satisfaction was the top-ranked
variable under SHAP in this study, insomnia may be indirectly associated with MHL in part through its
synergistic interaction with life satisfaction. Notably, depressive and anxiety symptoms fell within the
lowest range under both rankings (Gini importance, 1.50% and 1.49%, ranking last and second to last,
respectively; SHAP, 1.67% and 2.04%, ranking fourteenth and thirteenth, respectively), which differs from
previous studies that identified depression and anxiety as major predictors of mental health [36]. A
possible explanation is that the outcome in this study was MHL rather than psychological disorders per
se, and insomnia is more prevalent in the general population and more readily perceived by individuals,
and thus more directly associated with health knowledge acquisition and health behaviors [37]. In
addition, the MHL attainment rate was 24.79% among those who had previously participated in mental
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health courses or training and 17.61% among those who had not (Gini importance, 4.29%, ranking
seventh; SHAP, 5.67%, ranking eighth), suggesting a positive association between training experience
and MHL attainment. Mental health training can therefore be regarded as a psychological variable
amenable to direct intervention. In future research and practical interventions, systematic mental health
courses, thematic lectures, skills training, and public education activities could be used to improve public
understanding of mental health knowledge and thereby promote MHL attainment. Moreover, given the
importance of insomnia and life satisfaction in MHL, interventions could consider integrating sleep
management, life satisfaction enhancement, and mental health training to form a multipath,
comprehensive health promotion strategy [38], thereby more effectively improving MHL levels in the
population.

Model discrimination and calibration
Discrimination was limited across all six models, with AUCs ranging from 0.604 to 0.684 and the highest
PR-AUC reaching 0.364 (95% CI, 0.304–0.424). All models yielded PR-AUCs above the no-skill baseline
defined by the outcome prevalence (0.201), and the lower bound of the 95% CI for RF (0.304) also
exceeded this baseline, indicating that the information contained in the models outperformed random
guessing. However, at the Youden-optimal cutoff, RF achieved a precision of only 0.354, a recall of 0.408,
and an F1 of 0.377, with no other model exceeding this level, indicating a high error rate when classifying
individuals as meeting the criteria based on this model. The limited discrimination may be attributable to
the following reasons: the outcome was jointly defined by thresholds across three dimensions and
dichotomized, resulting in a loss of score information; the models did not include community-level or
lifestyle variables; and all measures relied on self-report, giving rise to common method bias. In addition,
random forest achieved the same AUC as logistic regression (both 0.684), with its advantage manifested
in the primary metric, PR-AUC (0.364 vs. 0.325); under class imbalance, PR-AUC better reflects the ability
to identify the minority class (those meeting the criteria), and it was therefore adopted as the primary
discrimination metric in this study.

The calibration intercept for RF was − 0.92 (95% CI, − 1.05 to − 0.79), significantly deviating from 0,
indicating that predicted probabilities exceeded observed proportions; the calibration slope was 1.00
(95% CI, 0.84 to 1.19), consistent with 1, indicating that the ranking information of predicted probabilities
was largely reasonable. After logistic recalibration, the calibration curve approached the diagonal, and
the Brier score decreased from 0.177 to 0.147. Because the calibration intercept and slope were
estimated from the same set of out-of-bag predictions and used directly for recalibration, this
improvement should be regarded as a descriptive result that has not been validated in an independent
sample. In summary, the primary model in this study is suitable for characterizing factors associated
with MHL attainment and the direction of their contributions, but not for determining whether an
individual meets the criteria or for screening, which is consistent with the predefined analytical objective
of this study.
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This study employed interpretable machine learning methods to examine factors associated with
meeting the Mental Health Literacy (MHL) criteria among 2004 adult residents in Fengtai District, Beijing.
Random forest demonstrated the best discriminative performance among the six models, although
overall discrimination remained limited; logistic recalibration improved probability estimates without
altering discrimination. Subdistrict-level residence, educational attainment, and monthly income
consistently ranked high across both importance methods, whereas the rankings of age and life
satisfaction were method-dependent. These findings suggest that MHL promotion may prioritize
individuals with lower educational attainment, lower income, or lower life satisfaction at the individual
level, strengthen mental health service capacity in subdistricts with lower MHL attainment rates at the
community level, and target improvements in life satisfaction as an intermediate objective. The
interpretable machine learning workflow developed in this study may serve as a methodological
reference for MHL surveys in other regions. Future research should incorporate external validation and
longitudinal designs, include community-level and lifestyle variables, account for sampling design
effects and subgroup equity, and evaluate model calibration and discrimination in independent samples.
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Figure 1

Flow of participants through the 2022 Fengtai District Mental Health Literacy Survey. A four-stage
sampling design selected five subdistricts, five neighborhood committees within each subdistrict, and
90–100 households within each committee, yielding 2471 sampled households. One eligible resident
aged 18 years or older was selected from each household using the Kish table; eligibility required
residence in Beijing for at least 6 months and Chinese nationality. Of the 2471 sampled households, 433
could not be contacted or refused participation, and 2038 residents returned the questionnaire
(response rate 82.5%). Thirty-four respondents were excluded because of incomplete or invalid
questionnaire entries, and 2004 participants were included in the analysis.
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Figure 2

Discrimination of the six machine learning models for mental health literacy attainment. (a) Precision-
recall curves for the six models. The horizontal dashed line indicates the no-skill baseline, equal to the
prevalence of mental health literacy attainment (0.201). (b) Receiver operating characteristic curves for
the same six models; the diagonal dotted line indicates no discrimination (AUC = 0.500). Curves were
computed from the bootstrap predictions (1000 replicates). Because the outcome was imbalanced
(20.11%), the area under the precision-recall curve was taken as the primary measure of discrimination.
Random forest and logistic regression had the same AUC (0.684) but different areas under the precision-
recall curve (0.364 and 0.325, respectively), and their curves crossed each other in panel (b).
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Figure 3

Calibration of the random forest model. (a) Calibration curve before recalibration, with the observed
proportion of participants attaining MHL plotted against the predicted probability; the diagonal line
indicates perfect calibration. The calibration intercept was −0.92 (95% CI −1.05 to −0.79) and the
calibration slope was 1.00 (95% CI 0.84–1.19). (b) Calibration curves before and after logistic
recalibration; after recalibration the curve moved towards the diagonal and the Brier score decreased
from 0.177 to 0.147. Recalibration preserves the ranking of predicted probabilities and therefore does
not affect discrimination. The intercept and slope were estimated on the same pooled out-of-bag
predictions used for recalibration, so the reduction in the Brier score is descriptive.
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Figure 4

Gini impurity importance of the 15 variables in the random forest model. Bars show the mean Gini
importance across 1000 bootstrap resamples. Age contributed the largest share (0.230; 23.03% of the
total), followed by subdistrict (0.150; 15.01%), educational attainment (0.114; 11.44%), monthly income
(0.094; 9.44%) and occupation (0.092; 9.23%); these five variables together accounted for 68.15% of the
total importance.
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Figure 5

SHAP importance and direction of association in the random forest model. (a) Global importance of the
15 original variables, quantified as the mean absolute SHAP value; life satisfaction ranked highest
(0.0496; 15.00% of the total), followed by subdistrict (0.0459; 13.86%), educational attainment (0.0393;
11.88%), age (0.0351; 10.60%) and monthly income (0.0324; 9.80%). (b) SHAP summary (beeswarm)
plot for the same model; each point represents one participant, colours indicate higher (red) or lower
(blue) values of the corresponding variable, and positive SHAP values indicate a positive contribution to
MHL attainment. Higher life satisfaction, educational attainment, monthly income, and prior participation
in mental health courses or training corresponded to positive SHAP values, whereas older age and the
presence of insomnia, depressive symptoms, or anxiety symptoms corresponded to negative SHAP
values.
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