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Predicting depression risk with machine
learning models: identifying familial, personal,
and dietary determinants
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Abstract

Background The pathogenesis of depression is highly complex, therefore, the development of predictive models
using readily available clinical parameters to identify individuals at risk of adverse depressive outcomes holds
significant clinical value.

Method 7108 participants from the United States National Health and Nutrition Examination Survey were collected.
A total of 11 machine learning models were employed, including CatBoost, Decision Tree, Gradient Boosting Tree,
LightGBM (LGB), Logistic Regression (LR), Lasso, Naive Bayes, Neural Network, Random Forest (RF), Support Vector
Machine, and XGBoost, with comparisons made against the generalized linear regression model. Model performance
was rigorously assessed using receiver operating characteristic (ROCs), calibration curves, and decision curves analysis.
Feature importance was interpreted through Shapley Additive exPlanations to identify key influencing factors at the
whole level and interpret individual heterogeneity through instance-level analysis.

Results Significant differences in overall characteristics were observed between depressed patients and healthy
controls. The RF model demonstrated superior performance, followed by Lasso, XGBoost, and LGB models, which also
showed relatively high predictive accuracy. The training set AUC values for the RF, Lasso, XGBoost, and LGB models
were 0.998, 0.713, 0.723, and 0.804, respectively, while their corresponding test set AUC values were 0.705, 0.719,
0.714, and 0.687. Based on variable importance ranking from RF, Lasso, XGBoost, and LGB models, we identified eight
key predictors: body mass index, education level, marital status, annual family income, family income to poverty

ratio, trouble sleeping, composite dietary antioxidant index, and dietary inflammatory index. These variables were
integrated to develop a comprehensive statistical model for predicting depression risk.

Conclusion We developed a robust predictive model for assessing depression risk, incorporating eight clinically
accessible predictors. This model demonstrates reliable predictive performance for depression onset and provides
valuable reference for clinical decision-making. Clinical trial number is not applicable.
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Introduction

Depression, a global health crisis affecting over 300 mil-
lion individuals worldwide, represents one of the most
significant public health challenges [1]. Depression is
clinically characterized by persistent low mood and
marked reduction in interest or pleasure in daily activi-
ties. Epidemiological projections indicate that by 2030,
depression is anticipated to surpass the cumulative bur-
den of all cardiovascular diseases, emerging as the lead-
ing cause of global disability [2]. Identifying modifiable
risk factors can help implement targeted interventions to
alleviate depression. Nevertheless, the inherent heteroge-
neity in depression’s pathophysiology and etiology poses
substantial challenges for effective prevention and treat-
ment approaches [3].

Previous studies have typically employed traditional
statistical methods, such as regression analysis, to
explore the relationship between depression and specific
variables [4]. Several studies have identified factors asso-
ciated with depression, including diabetes [5], volatile
organic compounds [6], socioeconomic indicators [7],
long work hours [8], body mass index (BMI) [9], compos-
ite dietary antioxidant index (CDAI) [10], dietary inflam-
matory index (DII) [11, 12], sleep disturbances [13], ratio
of family income to poverty(FIRP) [14] and others.

Machine learning (ML) has developed into an effec-
tive computational approach for extracting insights from
data, serving as a valuable prediction tool that wide-
spread used in multiple engineering and medical fields.
ML demonstrate higher performance in prediction tasks
compared to traditional statistical methods [15]. ML
algorithms have shown promise in early disease detection
by predicting risks [16—18]. Researchers have applied ML
algorithms to predict depression in young children [19],
postpartum depression in new mothers [20], depres-
sion in stroke patients [21], and college students [22].
However, there remains a scarcity of studies using ML
algorithms to predict depression risk in adults, consid-
ering factors such as diet, family, physical activity, and
physiology.

Thus, this study aims to evaluate the performance of
various ML algorithms and identify significant factors
influencing depression risk among Americans, and com-
pare ML algorithms with traditional statistical methods.

Methods

Study population

As a large-scale cross-sectional study, National Health
and Nutrition Examination Survey (NHANES) has
received ethical approval and employs scientific sam-
pling methods to select representative samples of the
U.S. population for health examinations and question-
naires. In this study, data from three consecutive cycles
(2011-2012, 2013-2014, and 2015-2016) were utilized,
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along with available depression information. Initially,
29,902 participants were included, but the analysis was
restricted to 7,108 participants based on the following
exclusion criteria: (1) age <20 years or pregnant women;
(2) missing PHQ-9 questionnaire data; (3) incom-
plete demographic information, such as annual family
incomes, education, marital status, or age; (4) unavailable
or unreliable dietary information; and (5) missing height
or BMI data, among others.

Dietary inflammatory index (DII)

NHANES collects dietary data through 24-hour recall
interviews conducted at the Mobile Examination Center
(MEC). Participants’ nutritional intake was estimated
using the average of two reliable 24-hour recalls or a
single recall when only one was deemed reliable, exclud-
ing supplements and medications. This study calculated
the DII using 23 components, including alcohol, vitamin
E, beta-carotene, carbohydrates, folic acid, dietary fiber,
energy, magnesium, total monounsaturated fatty acids,
niacin, protein, iron, selenium, cholesterol, total satu-
rated fatty acids, total fat, vitamin A, vitamin B12, ribo-
flavin, vitamin B6, caffeine, vitamin C, and zinc. The DII
was computed using the following equation [23]: DII=(Z
score’ x the inflammatory effect score of each dietary
component).

Z score = (daily mean intake — global daily mean intake)
/standard deviation

Z score’ = Z score — (converted to a percentile score)
x 2 -1

Composite dietary antioxidant index (CDAI)

The development of the CDAI follows the methodology
described previously [24, 25]. The CDAI was computed
by aggregating the intake levels of six antioxidants - vita-
min A, zinc, selenium, vitamin C, vitamin E, and magne-
sium - exclusively from dietary sources, as follows:

N
cpar= % IXIS.UI
1= 1

Here, Xi is the antioxidant i consumed per day, and Ui
is the average value of Xi in the entire cohort; Si was the
standard deviation for Ui.

Metabolic dysfunction indicators

Blood pressure was measured in the MEC. Fasting blood
glucose, triglyceride, total cholesterol and uric acid lev-
els were determined by enzymatic method using an
automatic analyzer. The detailed testing protocol is pro-
vided on the NHANES website (https://wwwn.cdc.gov/
nchs/nhanes/index.htm). Mean arterial pressure (MAP)
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is diastolic pressure+1/3 x (systolic pressure - diastolic
pressure) [26]. The triglyceride-glucose (TyG) index is
calculated as In (fasting triglyceride [mg/dl] x fasting
blood glucose [mg/dl]/2). In addition, we constructed a
metabolic score (MS) as the sum of the z-transformed
values of the four factors of total cholesterol, uric acid,
MAP and TyG [27].

Machine learning

Selection of candidate variables and predictors

Participant demographics were summarized as mean + SD
(continuous variables) or counts/percentages (categori-
cal variables). Principal component analysis (PCA) and
orthogonal partial least squares-discriminant analysis
(OPLS-DA) differentiated depressed and non-depressed
individuals. Feature selection was performed using the
Kruskal-Wallis test (non-normal data) and chi-square
test (categorical data), retaining variables with P<0.05 for
ML. Model performance was evaluated via receiver oper-
ating characteristic (ROC), decision curve and calibra-
tion curve, with the best-performing model selected for
depression risk prediction. Shapley Additive exPlanations
(SHAP) analysis identified key predictors by quantifying
each feature’s contribution to predictions based on game-
theoretic Shapley values. Here, the model acts as a “game’,
and features as “players”. A positive SHAP value indicates
a feature increased predicted risk, while a negative value
decreased it; larger absolute values denote greater impor-
tance. This approach provides both global (dataset-wide)
and local (individual prediction) interpretability.

Machine learning models

The dataset was randomly partitioned into training and
test sets (70%-30% split). The training set, compris-
ing 70% of the data, was utilized for model selection
and hyperparameter tuning. During the training phase,
10-fold cross-validation was employed, wherein the
training set was divided into 10 subsets. In each iteration,
9 subsets were used for training while the remaining sub-
set served as the validation set. The final model accuracy
was determined by averaging the performance metrics
obtained from these 10 iterations. The remaining 30% of
the original dataset was allocated as the test set for model
evaluation. In this study, the optimal model for each algo-
rithm was selected based on the highest area under the
ROC. 11 machine learning models were employed for
training and testing, including CatBoost, Lasso, Gradi-
ent Boosting Tree (GBM), Decision Tree (DT), Naive
Bayes (NB), Support Vector Machines (SVM), LightGBM
(LGB), Neural Network (NN), XGBoost, Logistic Regres-
sion (LR), and Random Forest (RF). The Friedman test
and paired pairwise Wilcoxon test were used to compare
the performance of different machine learning models
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under cross-validation. Additionally, regression analysis
was performed on the key features identified by machine
learning to examine their associations with depression
and other phenotypes.

Statistical analysis

Statistical analysis in this study was performed using
EmpowerStats (http://www.EmpowerStats.com) and R
(http://www.r-project.org), with a significance threshold
of P<0.05. In alignment with NCHS analysis guidelines,
sample weights were applied to all estimates to ensure
better representation of the non-institutionalized civil-
ian population in the United States. A generalized linear
regression model was utilized to calculate the odds ratio
(OR) or B and 95% confidence intervals for the relation-
ships between key features and depression or related
phenotypes, with subgroup analyses also conducted.

Result

Clinical characteristics

Among 29,902 adult participants, 22,794 were excluded
due to age under 20, missing PHQ-9 scores, pregnancy,
incomplete demographic information, or other reasons.
After further excluding missing covariate data, 7,108
participants remained for analysis (Fig. 1). The average
age of the 7,108 participants was 48.125+17.575 vyears,
with 3,280 being Male. A total of 2,574 participants
(36.21%) were classified as having depression. Compared
to healthy participants (BMIL: 29.020+ 6.852), those with
depression had a higher BMI (30.629+8.016), a greater
proportion of widowed (8.24%), divorced (14.69%), and
separated individuals (5.28%), and a higher percentage of
females (1,417, 55.05%). Depressed participants were also
older (48.355+17.670 years). Additionally, their energy
intake (2,081.985 + 1,044.290 kcal) was significantly lower
than that of healthy individuals (2,181.748 + 986.629 kcal).
The FIRP was also significantly lower (1.989 +1.501), with
a higher prevalence of failing kidneys (5.71%) and kidney
stones (13.02%), and a lower proportion of high-income
individuals (Supplementary Table 1).

Feature profiling

The PCA score plot (2 components) and wavelet power
spectra for depression patients and normal participants
were displayed in Fig. 2A and B, respectively. Similarly,
the OPLS-DA score plot (2 Components, R2=0.00108,
Q2=-0.00172) and wavelet power spectra were presented
in Fig. 2C and D, respectively. Both PCA and OPLS-DA
reveal significant differences in overall features between
depression patients and normal individuals, indicating
that the onset of depression was associated with multiple
factors. The variable importance in projection for each
feature were shown in Fig. 2E, with money spent on
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{NHANES 2011-2016 year cycle]
(29902 participants)

[ 10282 participants ]—'

(7 108 available for analysis]

2574 depressed

4534 normal } {
participants patients

Fig. 1 NHANES participant selection flowchart

eating out, energy, money spent at supermarket/grocery
store ranking relatively high.

Performance of multiple machine learning models

Utilizing features with P<0.05, we performed extensive
model training and evaluation. In the training set, the
AUC for all models ranged from 0.574 to 0.998, and with
the RF model achieving the highest performance (AUC
0.998) (Fig. 3A), and a certain degree of overfitting may
be present. Calibration curves for multiple machine
learning models in the training set (Fig. 3B) revealed
that the XGBoost model displayed excellent calibration
properties. Decision curve analysis (DCA) of the train-
ing set (Fig. 3C) indicated that both RF and SVM models
yielded larger net benefit areas. For the test set, the area
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under the ROC ranged from 0.576 to 0.719, with LR and
Lasso regression both achieving the highest performance
(AUC: 0.719) (Fig. 3D). The test set calibration curves
(Fig. 3E) showed optimal performance for the Lasso
model, while DCA (Fig. 3F) demonstrated comparable
net benefit areas across most models. The AUC for the
11 machine learning algorithms on the training set were
as follows: CatBoost (0.857), DT (0.637), GBM (0.724),
LGB (0.804), LR (0.713), Lasso (0.713), NB (0.716), NN
(0.574), RF (0.998), SVM (0.994), and XGBoost (0.723).
On the test set, the corresponding AUC values were: Cat-
Boost (0.716), DT (0.641), GBM (0.713), LGB (0.687), LR
(0.719), Lasso (0.719), NB (0.693), NN (0.578), RF (0.705),
SVMe (0.673), and XGBoost (0.714). Integrated the
results of ROC, DCA, and calibration curves, we selected
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Fig. 2 Score charts of the PCA and OPLS-DA models. A Differences between the depression and normal groups based on the PCA model. B Wavelet
power spectrum of the PCA model. C Differences between the depression and normal groups based on the OPLS-DA model. D Wavelet power spectrum

of the OPLS-DA model. (E) VIP values of different features

LGB, Lasso, RF, and XGBoost as the top-performing
algorithms, which were subsequently used for feature
importance analysis and selection. The statistical tests
were shown in Supplementary Fig. 1.

Variable importance and variable interpretation

The feature importance based on mean decrease accu-
racy and mean decrease gini were shown in Fig. 4A. The
out-of-bag error curve indicated that the RF model is
stable and yields accurate results (Fig. 4B), with the top
15 features ranked by importance scores displayed in

Fig. 4C. Comprehensive analysis revealed that trouble
sleeping, FIRP, annual family income, CDAI, and DII
were among the most significant features.

Using the Lasso algorithm (Figs. 4D, E, F), a total of 28
features emerged as important features. The important
features identified by LGB were shown in Fig. 5A, and the
top 5 features were trouble sleeping, FIRP, BMI, height,
marital status. As illustrated in Fig. 5B, for a specific sam-
ple, the expected value f(x) is —0.524, higher than E(f(x))
(-0.669), suggesting that this individual’s depression level
exceeds the average. SHAP interpretation attributes this
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higher prediction primarily to variables such as annual
family income, FIRP, and education. Among the 15 key
features, trouble sleeping had the most significant impact,
indicating that more severe sleep issues correlated with
a higher risk of depression (Fig. 5C). The important fea-
tures identified by XGBoost were shown in Fig. 5D, and
the top 5 features were trouble sleeping, FIRP, BMI, edu-
cation, smoking. In Fig. 5E, the expected value f(x) for a
specific sample is 0.397, higher than E(f(x)) (0.362), indi-
cating an above-average depression level for this individ-
ual. This is primarily influenced by annual family income,
FIRP, and triglycerides. In Fig. 5F, trouble sleeping again
emerged as the most significant factor affecting depres-
sion onset.

Hub features detection based on machine learning

After overlap analysis, the hub features, including BMI,
education, marital status, annual family income, FIRP,
trouble sleeping, CDAI, and DII were identified (Fig. 6A).
To further evaluate the potential diagnostic efficacy of
these features for depression, ROC curves were plotted
based on the levels of each feature in the two groups.
Trouble sleeping, FIRP, and annual family income exhib-
ited relatively high AUC values of 0.6255, 0.6191, and
0.6195, respectively. These eight features were combined
as a biomarker group to predict depression, and the
resulting ROC curve yielded an AUC of 0.7026 (Fig. 6B),
which suggests that individuals who are unmarried, expe-
rience trouble sleeping, have a high BMI, high DII, low

CDAL low annual family income, and low FIRP may face
a slightly higher risk of depression.

The relationship between hub feature levels and SHAP
values was illustrated in Fig. 7A. The SHAP values of
BMI, CDAI DII, and annual family income fluctuate
with feature levels, while those of FIRP and education
decrease as feature levels increase. Trouble sleeping and
being never married were associated with relatively high
SHAP values. The interaction relationships between the
SHARP values of different features were shown in Fig. 7B.
Interactions were observed between DII and education,
CDAI and money spent on food at other stores, trou-
ble sleeping and vigorous recreational activities, FIRP
and hours use computer past 30 days, annual family
income and CDAI, marital status and CDAI, education
and CDAI, and BMI and money spent on food at other
stores.

Association between hub features and depression

In univariate generalized linear model analysis, DII,
CDAIL BM]I, FIRP, marital status, education, annual fam-
ily income, and trouble sleeping were significantly associ-
ated with depression (Fig. 8). Furthermore, smooth curve
fitting confirmed a negative association between CDAI,
FIRP, and the prevalence of depression, as well as a posi-
tive association between DII, BMI, and the prevalence of
depression. Correlations between CDAI, FIRP, DII, BMI,
and depression across different populations were also
illustrated in Fig. 9.
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F Regression coefficients of important features

Previous studies had demonstrated that depressed
patients often exhibited impaired energy metabolism,
characterized by relatively low energy levels [28, 29],
decreased MS [30], and increased TyG index [31]. Addi-
tionally, the prevalence of hypertension was relatively
high among depression patients, and vice versa [32],
with subsequent increases in MAP [33]. In our study,
no significant difference in MAP was observed between
depressed patients and normal individuals, potentially

due to variations in the study population. Consequently,
MAP was selected as the reference. We identified expo-
sure variables (DII, CDAI, BMI, FIRP) that significantly
impact physiological functions and conducted a general-
ized linear regression analysis with TyG, energy, MS, and
MAP, as depicted in Fig. 10. The results reveal a highly
significant negative correlation between DII and energy,
and a highly significant positive correlation between
CDAI and energy.
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Discussion in handling the dataset’s complexity, with RF achieving
We employed ML algorithms to effectively identify and an AUC of 0.998, LGB an AUC of 0.804. The RF model
describe key features for depression. These techniques may exhibit a certain degree of overfitting. A potential
were utilized to detect the presence of depression within  reason is that although RF’s bagging mechanism reduces
the NHANES database spanning 2011 to 2016. In our  overfitting compared to individual DT, it remains highly
comprehensive analysis, the XGBoost, LGB, Lasso, and  susceptible when handling high-cardinality categorical
RF algorithms demonstrated exceptional performance variables. Similar observations have been reported in
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Fig. 7 The relationship between hub feature levels and SHAP values (A), and

previous studies [34, 35]. However, XGBoost achieved an
AUC of 0.723, while Lasso yielded an AUC of 0.713, both
below the 0.8 threshold. Potential contributing factors
may include the linear constraints inherent in Lasso and
possible over-regularization during XGBoost parameter
tuning, both of which could have limited their expressive
power. Similar limitations have been documented in pre-
vious study [36].

As a sophisticated branch of artificial intelligence, ML
employs advanced mathematical algorithms to analyze
and classify patterns within diverse datasets, thereby
facilitating decision-making processes. This study high-
lights several unique advantages of ML algorithms.
Firstly, it leverages questionnaire data, population data,
and laboratory indicators from NHANES, integrating
multi-source data into ML model, thereby eliminating the
need for new data collection. Additionally, we conducted
model training and evaluation on an extensive dataset,
emphasizing the specificity of individual participants.

Based on the four best-performing algorithms
(XGBoost, Lasso, LGB, and REF), the eight most signifi-
cant features (BMI, education, marital status, annual
family income, FIRP, trouble sleeping, CDAI, and DII)
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the interaction effect diagram of hub features (B)

were identified. These findings provide profound insights
into how these features influence the risk trajectory of
depression, thereby improving the interpretability of our
model and guiding future research directions. Among
these features, DII, BMI, trouble sleeping, and living
alone or being unmarried are identified as potential risk
factors, while higher education levels, CDAI higher fam-
ily income, and FIRP are recognized as potential protec-
tive factors.

Previous studies have demonstrated that factors such
as DII [37], CDALI [38], BMI [39], education [40], marital
status [41] exhibit significant correlations with depres-
sion, although most of these studies relied on traditional
statistical methods. Our study suggests that the asso-
ciation between DII and depression may be more pro-
nounced in populations with high BMI, diabetes, failing
kidney, hypertension, kidney stone, or marital separation,
indicating that patients with diabetes, hypertension, and
failing kidney should reduce consumption of pro-inflam-
matory foods to lower their risk of developing depression.

Pro-inflammatory diets demonstrate significant asso-
ciations with adverse mental health outcomes and psy-
chiatric disorders. Among older U.S. adults, dietary
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Variables OR (95% CI) p—-Value
DIl 1.222 (1.176-1.271) L <0.001
CDAI 0.947 (0.933-0.961) l' <0.001
BMI 1.030 (1.023-1.037) 'p <0.001
FIRP 0.769 (0.744-0.793) i E <0.001
Trouble sleeping :

No 1 (reference) +

Yes 2.907 (2.444-3.458) E —a— <0.001
Marital status i

Married 1 (reference) +

Widowed 1.600 (1.320-1.930) Ve <0.001

Divorced 1.920 (1.650-2.250) E - <0.001

Separated 2.510 (1.950-3.240) E —a— <0.001

Never married 1.360 (1.190-1.540) , HH <0.001

Living with partner 1.410 (1.180-1.690) E H— <0.001
Education ;

Less than 9th grade 1 (reference) +

9-11th grade 1.146 (0.861-1.525) l-:r-—i 0.356

High school graduate/GED or equivalent 0.783 (0.599-1.024) He 0.082

Some college or AA degree 0.700 (0.532-0.922) I—l—ii 0.015

College graduate or above 0.362 (0.281-0.465) m E <0.001
Annual family income ;

$0to$ 4,999 1 (reference) +

$ 5,000 to $ 9,999 0.939 (0.691-1.275) o 0.685

10,000 to $14,999 0.831 (0.626-1.104) 0—-—54 0.201

$15,000 to $19,999 0.798 (0.599-1.064) !—!—ii 0.124

$20,000 to $24,999 0.595 (0.448-0.790)  H= | <0.001

$25,000 to $34,999 0.504 (0.385-0.660)  © E <0.001

$35,000 to $44,999 0.494 (0.374-0.652) = | <0.001

$45,000 to $54,999 0.409 (0.306-0.548) = E <0.001

$55,000 to $64,999 0.455 (0.334-0.619) E <0.001

$65,000 to $74,999 0.367 (0.264-0.511) m | <0.001

$75,000 to $99,999 0.308 (0.229-0.414) m E <0.001

$100,000 and Over 0.242 (0.184-0.318) ™ . <0.001

o 1 2 3
OR

Fig. 8 Association between hub features and depression
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Fig. 10 The influence of hub features (DII, CDAI, BMI, FIRP) on different phenotypes (energy, MAP, MS, TyG)

inflammatory potentially shows positive correlations
with increased incidence of depressive symptoms. Mech-
anistically, highly pro-inflammatory diets may elevate
depression risk through both direct promotion of sys-
temic inflammatory processes and indirect BMI-medi-
ated pathways, with inflammation serving as the pivotal
mediator in the obesity-depression relationship. Obe-
sity significantly elevates circulating pro-inflammatory
cytokines, and under chronic stress conditions, these
elevated cytokines promote depression through multiple
neurobiological pathways including disruption of neu-
rotransmitter synthesis and impairment of neural signal
transduction [42].

Based on four ML algorithms, we identified trouble
sleeping as the most significant factor for depression

among all evaluated variables. Sleep is an indispensable
component of human life. With societal development
and increasing psychological stress, sleep disturbances
have become a prevalent issue in modern populations.
Previous study have demonstrated a significant associa-
tion between sleep problems and depression [43], while
vitamin C supplementation has been shown to effec-
tively improve sleep quality [44], suggesting that anti-
oxidant nutrients may mitigate depression risk. This
study observed that increased CDAI was associated
with reduced depression likelihood in individuals with
trouble sleeping. Therefore, populations experienc-
ing trouble sleeping may benefit from dietary interven-
tions to elevate CDAI, potentially lowering depression
susceptibility.
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Looking ahead, continuous monitoring and clarifica-
tion of the selected features will provide valuable insights
for experts, enabling them to draw well-founded conclu-
sions rather than merely accepting algorithmic outputs.
Additionally, we aim to validate the model’s performance
by expanding the database and improving the interpret-
ability of the interface between clinical study and ML
models. This study also has certain limitations. Firstly,
there is a lack of longitudinal follow-up for the same
cohort. Secondly, there is no external dataset of compara-
ble scale for validation. We plan to address these issues in
future research. Moreover, the inherent biases of cross-
sectional studies, potential information biases in diag-
nosing depression using the PHQ-9 scale are additional
limitations.

Conclusion

This study effectively employed a ML strategy to investi-
gate the key features to predict prevalence of depression
among NHANES participants from 2011 to 2016. The
use of SHAP enhanced the interpretability of the mod-
el’s prediction results, providing deeper insights into the
factors predicting depression. By integrating advanced
analytical techniques with improved interpretability, this
approach addresses the typical “black box” problem in
ML, enabling a more detailed exploration of the relation-
ships between diverse features and depression.
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