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Abstract
Background  Major depressive disorder (MDD) is prevalent in adulthood, but there remains a dearth of studies 
identifying predictors of emergent MDD in adulthood with high-dimensional biopsychosocial predictor sets. Our 
study thus examined how explainable artificial intelligence (XAI) models might accurately detect predictors of 
emergent MDD nine years later.

Methods  Community adults who did not meet diagnostic criteria for MDD at Wave 1 (W1; 2004–2006) participated 
in the current study (N = 931). Forty-six W1 validated composite variables, including inflammation, childhood 
maltreatment, coping, emotion regulation, personality, and social support, were used to predict emergent MDD at 
Wave 2 (W2; 2013–2014). Six machine-learning models, each with four varying configurations of predictor set length 
and missingness handling strategies, were tested using five-fold nested cross-validation to determine which model 
had the best multivariable predictive performance. Shapley additive explanations (SHAP) analysis informed the sign 
and strength of each multivariable predictor.

Results  Elastic net regression achieved the best classification accuracy (AUC = 0.724; 95% confidence 
intervals = 0.657–0.792), with moderate sensitivity and a high negative predictive value in predicting W2 emergent 
MDD, observed in 6.23% of the sample. Moderate-to-good calibration values were also observed, highlighting 
acceptable alignment between predicted probabilities and observed prevalences. Key psychosocial correlates of 
higher W2 emergent MDD risk included greater perceived stress, early life minimization and stress, as well as family 
and spousal strain. Other key correlates included fewer problem-focused coping strategies, lower self-acceptance, 
sense of control, and self-directedness, as well as greater tendencies for behavioral disengagement. Demographic 
correlates included younger age and racial minority identity. Comorbid mental health symptoms, especially higher 
W1 generalized anxiety disorder, panic disorder, and substance use disorder symptom severity, were also clinical 
correlates of greater W2 emergent MDD risk.

Conclusions  XAI may inform clinically actionable distal risk modeling for emergent MDD using easily measurable, 
theory-driven variables. If externally validated, scalable multivariable predictive models could be integrated into 
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Introduction
Major depressive disorder (MDD) is a common psychi-
atric condition marked by anhedonia (deficits in pleasure 
or motivation), sleep difficulties, and related depressed 
mood symptoms across at least two weeks [1]. Based on 
meta-analyses of population-level epidemiological stud-
ies, estimated 12-month prevalence rates have ranged 
from 8% to 13% globally [2, 3], with recent upward trends 
[4]. The implications of unidentified and untreated 
MDD include executive dysfunction, role impairments 
at school or work, interpersonal problems, and physical 
health ailments, all of which compromise quality of life 
[5–7]. As recurrent MDD could be debilitating, identi-
fying distal risk factors [i.e., long-term predictors in the 
order of years; 8] of emergent MDD is essential to plau-
sibly inform universal, selective, or indicated prevention 
programs.

Myriad biological markers and psychosocial indicators 
might precede long-term emergent MDD. Proinflam-
matory activity, characterized by high levels of chronic, 
low-grade inflammation markers such as interleukin-6, 
could sustain sedentary lifestyles and sickness-related 
behaviors that predispose individuals to long-term emer-
gent MDD [9–11]. Relatedly, obesity indicators, such as 
high body mass index (BMI), might fuel vicious cycles 
of fatigue, sleep, and appetite disturbances that heighten 
the risk for emergent MDD over long durations [12]. Key 
psychological risk factors of emergent MDD are manifold 
and could include prior child abuse, emotion dysregula-
tion, social support deficits, perceived stress, and men-
tal health comorbidities. Higher child abuse and neglect 
could trigger and maintain avoidant behaviors by model-
ing self-sabotaging patterns from caregivers and eroding 
individuals’ sense of control and resilience factors across 
time [13, 14]. Emotion dysregulation might predict long-
term emergent MDD via suboptimal coping tactics, such 
as deficits in goal-directed behaviors, positive reappraisal, 
and purpose in life [15]. Interpersonally, perceiving more 
support from family, friends, spouses, or partners equips 
individuals with resilience factors and resources to cope 
with stressors, protecting against MDD in the long run 
[16]. Together, frameworks such as learned helplessness-
hopelessness [17], social support stress-buffering [18], 
transactional stress-coping [19], and triple vulnerability 

models [20] suggest that these biopsychosocial variables 
could be distal risk factors of long-term emergent MDD.

The past five decades have witnessed a veritable growth 
in studies examining these biopsychosocial variables 
as correlates or risk factors of emergent and recurrent 
MDD, examined in isolation, without exploring them 
holistically within a single high-dimensional predic-
tor set. First, across 27 prospective studies, higher lev-
els of proinflammatory acute-phase proteins and IL-6 
were associated with increased future depressive symp-
toms [21]. Relatedly, another meta-analysis of 19 studies 
showed that adults with higher (vs. lower) BMI displayed 
an 18% increased likelihood of depression later on [22]. 
Second, more frequent child abuse and neglect experi-
ences raised the probability of adulthood MDD by 1.4 
to 7.1 times [cf. meta-analysis by 23]. Third, meta-ana-
lytic data indicated that low positive reappraisal, self-
esteem, and fewer optimal coping approaches predicted 
more future depressive symptoms in primarily young 
adults [24, 25]. Moreover, reduced perceived control 
was correlated with higher depressive symptoms during 
the COVID-19 pandemic [26]. Another meta-analysis 
showed that comorbid anxiety disorders and symptoms 
predicted more future depressive disorders in diverse 
populations [27]. Fourth, small yet practically meaningful 
effect sizes that indicated inverse longitudinal relations 
between social support and depressive symptoms have 
been consistently observed in both clinical and com-
munity samples [28, 29]. Collectively, across studies, the 
above biopsychosocial variables could, in isolation, pre-
cede the emergence of MDD.

However, examining biopsychosocial variables in iso-
lation as distal risk factors of emergent MDD might 
oversimplify reality and hinder the development of prog-
nostic calculators [e.g., 30] that could inform preven-
tion and treatment targets. A more optimal predictive 
method would be to test high-dimensional predictor 
sets that comprise myriad biopsychosocial and theory-
driven variables mentioned earlier. However, the main-
stay approach to identifying distal risk factors, ordinary 
least squares (OLS) regression, hinders progress on this 
topic because it struggles to handle multicollinearity in 
high-dimensional datasets [31]. Machine learning (ML), 
a subset of precision medicine methods, addresses multi-
collinearity [32] while it enables the detection of potential 

healthcare systems to inform prevention strategies. These predictive models might inform tailored treatment 
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nonlinearities and higher-order interactions [33]. More 
accurate estimates could also be achieved through ML-
based approaches, such as nested cross-validation 
(NCV), which trains pattern detection on specific data 
subsets (or folds) while testing if those patterns general-
ize to independent subsets [i.e., unseen data; 34].

Ample studies have examined the use of multivariable 
ML models in predicting depression outcomes, albeit 
without focusing on predicting emergent MDD per se. 
Biological models testing genetic and neuroimaging 
variables, often with small sample sizes, have observed 
that these high-dimensional predictor sets yield mod-
est to good accuracy rates, ranging from 68.0% to 85.0%, 
in classifying depression status [cf. systematic review by 
[35]. However, genetic and neuroimaging data are costly 
and infrequently assessed in routine care settings, under-
scoring the need to test the prognostic value of easily 
measurable, less expensive endocrine and immune mark-
ers, such as BMI and proinflammatory activity. Psycho-
social variables based on clinical and demographic data, 
relative to biological variables, also showed greater prom-
ise, offering acceptable predictive power (i.e., accuracy 
thresholds ≥ 70%) for detecting postpartum depression 
[36]. These patterns were similarly observed in treat-
ment: predictor sets comprising clinical variables yielded 
external validation accuracies ranging from 57.0% to 
74.0% when classifying depression treatment remission, 
resistance, and response [37]. Together, it is plausible that 
a multivariable model predicting distal, biopsychosocial 
risk factors of emergent MDD would have acceptable 
predictive accuracy.

Simultaneously, distal risk factors could retain pre-
dictive power across long durations when they capture 
potential mechanisms that accrue, recur, or impact long-
term behavioral processes. Biological pathways, such as 
higher BMI and stronger proinflammatory activity, sug-
gest the buildup of allostatic load stemming from chronic 
stress and lifestyle patterns that raise MDD risk over time 
[38]. Psychosocial mechanisms, including social support 
and stress appraisal, vary within individuals and include 
trait-level components that indicate reliable variations in 
coping and interpersonal tendencies over time [39–41]. 
Personality-focused aspects, such as perceived control 
and self-esteem, showed strong, stable longitudinal pat-
terns, shaping how people choose, perceive, and change 
their circumstances and influencing their exposure to 
stressors over time [26, 42, 43]. Therefore, a nine-year 
duration is, in theory, suitable for identifying accruing 
biological pathways as well as behavioral and psycho-
logical processes central to midlife. Such duration might 
provide practical predictive value for early detection and 
prevention. Although this duration aligns with the time-
frame offered by the MIDUS project, prior longitudinal 
research with timeframes over nine years also supported 

the utility of these biopsychosocial variables for provid-
ing essential distal risk prediction within this timeframe 
[e.g., 11, 44].

Given the theory, empirical research, and logic out-
lined, the present study examined the predictive accu-
racy of a high-dimensional predictor set comprising 46 
validated composite biopsychosocial variables in predict-
ing the emergence of MDD nine years later. The study’s 
aims were twofold. First, as a prerequisite for discerning 
the strength and direction of multivariable predictors 
of nine-year emergent MDD, we hypothesized that our 
predictive model would achieve good classification accu-
racy. Second, we expected that the pattern of linear and 
possibly nonlinear relations and interactions in the mul-
tivariable predictors would be consistent with the afore-
mentioned theories.

In summary, we examined three regularized multivari-
able logistic regression ML models. These models (least 
absolute shrinkage and selection operator [LASSO], 
ridge, and elastic net) assume linear main effects and 
handle collinearity by shrinking coefficients to zero to 
varying degrees [45]. We also assessed the performance 
of classification and regression trees (CART), which 
divide observations into decision trees while accommo-
dating interactions and nonlinearities, but may lead to 
high variance and non-generalizable patterns (overfit-
ting). Random forest (RF), an ensemble of decorrelated 
CART algorithms with stopping rules that reduce vari-
ance and improve stability on the test set, was also evalu-
ated [46]. Lastly, the support vector machine (SVM) with 
a radial kernel, which typically excels at distinguishing 
between outcome classes using a high-dimensional pre-
dictor set [47], was assessed. Regularized linear models 
typically offer greater interpretability and better calibra-
tion (i.e., the likelihood that predicted probabilities match 
actual proportions), whereas CART, RF, and SVM offer 
greater flexibility at the cost of intuitive appeal [48]. Thus, 
our approach comprehensively compares interpretable 
regularized models with flexible nonparametric methods 
when predicting low prevalence of emergent MDD in a 
community sample.

Method
Study design
Community-based adults (N = 931) offered informed 
consent to participate in the Midlife Development in 
the United States (MIDUS) study [49, 50]. The MIDUS 
project received ethics approval from four participat-
ing universities. Given the nature of this secondary data 
analysis, no additional ethics approval was necessary. The 
present dataset comprised participants who provided rel-
evant data at Wave 1 [W1; 2004–2006; 50] and Wave 2 
[W2; 2013–2014; 49], addressing the focal research aims. 
We limited our sample to individuals who did not have 
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past-year MDD at W1, and we defined past-year MDD at 
W2 as the outcome; lifetime episodes or history between 
W1 and W2 were not measured.

Participant attributes
Table S1 in the online supplemental materials (OSM) 
summarizes the descriptive statistics of the original 65 
predictor variables, prior to deriving the 46 validated 
composite predictors, and one outcome variable (W2 
emergent MDD). Mean age was 55.93 years (SD = 11.91). 
Gender distribution comprised 52.20% women (486/931) 
and 47.80% men (445/931). Educational levels included 
formal college, university, or postgraduate education in 
45.30% (422/931). Most participants (93.80%) identified 
as White (873/931), while the remaining participants 
self-described themselves as African American, Asian, 
Multiracial, Native American, or as belonging to other 
racial groups. The observed prevalence rate of emergent 
MDD at W2 was 6.23% (58/931).

Procedures
At W1, participants underwent multifaceted data collec-
tion, including biological data collection [51] and psycho-
social self-report assessments [52]. Participants attended 
a two-day overnight protocol for the biological data col-
lection at the MIDUS General Clinical Research Center 
[GCRC; 53]. They fasted in the evening before blood was 
drawn by a trained phlebotomist the following morning 
to examine proinflammatory activity and related bio-
markers using standardized procedures. Participants also 
filled out a series of self-reports assessing various the-
ory-informed psychosocial predictors. Simultaneously, 
trained research personnel clinically interviewed partici-
pants to assess the presence of MDD and comorbid psy-
chiatric disorders and symptoms. The following sections 
elaborate on the measures embedded throughout these 
procedures. Table S2 presents descriptive statistics for 
the 46 psychometrically validated composite variables, 
based on prior literature, coupled with their respective 
internal consistency values, where applicable.

Measures
W1 and W2 MDD
The Composite International Diagnostic Interview-Short 
Form (CIDI-SF) was administered to assess past-year 
MDD symptoms linked to anhedonia or depressed mood 
for at least two weeks, encountered nearly every day or 
daily [54]. The MDD symptoms assessed included appe-
tite changes, concentration problems, easily fatigued, 
feelings of worthlessness, sleep disturbances, and suicidal 
ideation. This assessment was aligned with the Diagnos-
tic and Statistical Manual of Mental Disorders, Third Edi-
tion, Revised [DSM-III-R; [55]. Previous work has shown 
that the CIDI-SF MDD scale had high sensitivity, strong 

specificity, and good construct validity [44, 56]. Emergent 
MDD was conceptualized as the presence of past-year 
CIDI-SF-based MDD criteria at W2 among participants 
who did not have past-year MDD at W1. Major depres-
sive episodes (MDEs) that occurred and remitted fully 
between W1 and W2 time points were not measured; 
thus, emergent MDD cases at W2 could indicate either 
initial-onset or repeated MDEs.

W1 Biological predictors
Participants’ blood specimens from the W1 biomarker 
data collection protocol were assayed to assess the lev-
els of proinflammatory marker activity levels, including 
CRP, IL-6, IL-6 receptor (IL-6R), fibrinogen, E-selectin, 
intracellular adhesion molecule-1 (ICAM-1), Meso scale 
diagnostics (MSD) IL-6, tumor necrosis factor-alpha 
(TNF-α), interleukin-8 (IL-8), and interleukin-10 [IL-10; 
57]. To clarify, MSD IL-6 is defined as IL-6 measured 
on the MSD electrochemiluminescence machine, which 
varies from the IL-6 value derived separately, as it is the 
same cytokine but quantified with a unique assay and 
detection limits [58]. The research team also used cali-
brated measurement tools to assess anthropometric data, 
including height and weight. BMI was computed using 
the accurate formula (weight/height² [kg/m²]), which 
reflected an indicator of obesity risk [59].

W1 Psychosocial predictors
Participants also completed a series of self-report assess-
ments to evaluate a range of theory-based psychosocial 
predictors of emergent MDD. These constructs included 
perceived stress in the past month [Perceived Stress 
Scale; 60] and retrospective childhood maltreatment 
[e.g., emotional and physical abuse and neglect; Child-
hood Trauma Questionnaire; CTQ; 61]. Trait-level cop-
ing strategies, such as behavioral disengagement, denial, 
using food to cope [52], and emotion regulation [e.g., 
reappraisal; 62], were also measured. Personality and 
self-concept measures, for example, included autonomy, 
self-acceptance, and self-esteem [63]. Cognitive function-
ing tests that assessed diverse executive functioning (EF) 
and episodic memory (EM) dimensions were also admin-
istered [64]. Further, various dimensions of social sup-
port were assessed, including perceived social support 
and strain from family members, friends, and spouses 
or partners [65]. Mental health comorbidities, including 
generalized anxiety disorder (GAD) and panic disorder 
(PD), and symptom severity, were also assessed using the 
CIDI-SF [54], given research on prospective comorbidi-
ties [66, 67]. Based on prior research [68], we also exam-
ined alcohol use disorder [AUD; 69] and substance use 
disorder (SUD) symptom severity [70] as potential pre-
dictors of W2 emergent MDD.
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W1 Data sources
To clarify the assessment time points, the W1 data were 
derived from unique MIDUS 2 substudies. Primary psy-
chosocial measures and CIDI-SF data were gathered 
during the MIDUS survey protocol from 2004 to 2006. 
A subsample from this participant pool underwent 
the MIDUS 2 Biomarker Project procedures described 
above. The mean duration between the survey protocol 
and Biomarker Project procedures has been reported to 
be about two years [51]. BMI and markers of proinflam-
matory activity were drawn from the GCRC visit. The 
remaining predictors were derived from the MIDUS 2 
survey protocol or the telephone-delivered Brief Test of 
Adult Cognition by Telephone (BTACT) protocol, which 
assessed cognitive functioning domains at the same W1 
time point [64].

Data analyses
A series of multivariable ML analyses were conducted to 
predict emergent W2 MDD diagnosis. To predict emer-
gent W2 MDD diagnosis, participants with W1 MDD 
diagnosis were removed, resulting in a dataset with 931 
participants. All analyses were conducted using the R 
software [71]. Initial steps included RF imputation of 
missing data using the missRanger package [72], nor-
malizing continuous variables, and one-hot encoding 
nominal variables [48] in the training folds of the nested 
cross-validation (NCV) multivariable models to prevent 
data leakage. Additionally, since our objective was risk 
modeling rather than causal effect estimation, the predic-
tor set was not limited by assumed mediational pathways. 
We measured all predictors at W1 before measuring the 
W2 outcome.

Assumption checks linked to the initial steps out-
lined above were conducted. Regarding missingness, we 
assessed the missingness pattern using Little’s MCAR test 
(χ2([degrees of freedom] [df] = 200) = 268.01, p < .001); RF 
imputation was constrained to the predictors while con-
sistently excluding the outcome. Continuous predictors 
were normalized; the data distribution, both before and 
after scaling, did not reveal any outliers [48]. Categori-
cal predictors were one-hot encoded. Sensitivity analyses 
were conducted to compare the main results of RF impu-
tation with those from the complete-case analysis, as well 
as to examine results using unique predictor sets focused 
on distal risk factors or mechanisms.

To address potential attrition and survivorship bias 
resulting from the 9-year interval, we estimated inverse 
probability weights (IPWs) using logistic regression of 
W1 variables to predict W2 completion status [73]. IPW 
weights every participant by the inverse of their expected 
likelihood of the W2 outcome, thereby upweighting 
minority profiles and producing estimates that closely 
approximate the entire W1 sample rather than the 

completer subsample. These IPW values were applied to 
all ML models. Table S3 details the completer vs. non-
completer analyses that generated the IPWs.

Our multivariable ML approaches followed the Trans-
parent Reporting of a multivariable prediction model 
of Individual Prognosis or Diagnosis (TRIPOD) rec-
ommendations [74, 75]. Six ML algorithms were exam-
ined [least absolute shrinkage and selection operator 
[LASSO], ridge, elastic net, classification and regression 
trees [CART], random forest [RF], and support vector 
machine [SVM]; 34]. Table S4 provides more details on 
ML models. Linear models (LASSO, ridge, elastic net 
with the learning rate [α] set at 0.5) tested how a sparse 
predictor set or uniform shrinkage patterns produced 
improved generalization. The penalty terms [λs] were 
tuned in the inner training folds. Regarding tree-based 
models, we assessed how a single-pruned CART algo-
rithm performed compared to an RF ensemble of CARTs, 
which typically reduces model variance. We also evalu-
ated the performance of an SVM algorithm with a radial 
basis function kernel. A grid search was conducted to 
select the best hyperparameters in the inner loop. Given 
the rarity of the W2 emergent MDD outcome, two sam-
ple-balancing strategies were compared: the synthetic 
minority oversampling technique (SMOTE) and random 
subsampling. Model performance tests of all six mod-
els were repeated across four different configurations of 
distinct predictor sets: (i) all 65 W1 variables (Table S1); 
(ii) a bivariate-correlations screened subset of 22 W1 
variables that significantly correlated with W2 emergent 
MDD; (iii) 10 principal components analysis (PCA) fac-
tors; (iv) 46 composite W1 theory-informed variables 
validated based on the psychometric literature (Table S2). 
Together, these configurations were selected to balance 
variance, bias, and interpretability, and draw robust infer-
ences about predictor set selection, regularization, and 
sampling.

To reduce overfitting and optimize generalizability, we 
used a five-fold NCV approach with the nestedcv package 
for each examined algorithm [34]. Hyperparameter tun-
ing, model selection, and training were conducted in the 
inner CV loops, whereas model testing was performed in 
the outer CV loops to avoid data leakage. Multicollinear-
ity was addressed with regularized classifiers [76]. The 
most optimal model, elastic net, applied binomial logis-
tic regression and tuned the regularization parameters to 
0.5 to set an optimal balance between LASSO and ridge 
penalties. Random subsampling was used in each train-
ing fold to address class imbalance (i.e., 6.23% of cases 
with vs. without emergent MDD). After fitting the model 
to the training data, the model generated predictive per-
formance metrics with the held-out test data in the outer 
CV folds, aggregated across the five outer test folds to 
attain stable estimates.
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Model discrimination was assessed using the area 
under the receiver operating characteristic curve (AUC), 
along with its 95% confidence intervals (CI), computed 
with the pROC package [77]. The AUC indicated that 
the model ranked a randomly chosen participant with 
vs. without W2 emergent MDD higher. An AUC value 
of 0.5 indicated no difference from chance performance, 
1.0 denoted perfect classification, and AUC values above 
0.7 were considered acceptable in predicting clinical out-
comes [78]. The confusion matrix was extracted from all 
aggregated predictions, weighted by IPW values. Spe-
cifically, the confusion matrix data were used to calcu-
late sensitivity (also called recall), specificity, positive 
predictive value (PPV; also called precision), and nega-
tive predictive value [NPV; 79], and the binom pack-
age was used to calculate their 95% CIs [80]. Sensitivity 
(recall) indicated the percentage of true W2 emergent 
MDD cases accurately detected. Specificity was defined 
as the percentage of true W2 emergent MDD cases accu-
rately ruled out. PPV denoted the likelihood that a case 
predicted to develop W2 emergent MDD actually did, 
whereas NPV reflected the likelihood that a case pre-
dicted not to develop W2 emergent MDD actually did 
not. PPV and NPV were sensitive to prevalence rates, so 
PPV values were expected to be low herein, given the low 
prevalence of W2 emergent MDD (6.23% [58/931]).

Model calibration analyses, which assessed the con-
sistency between predicted probabilities and observed 
prevalences, were conducted to predict the emergence of 
W2 MDD. The following point estimates and their boot-
strapped 95% CIs were computed for three calibration 
metrics using the boot package [81]: Brier score (global 
prediction accuracy derived by computing the mean 
squared difference between predicted probabilities and 
observed prevalences); expected calibration error [ECE; 
mean absolute score difference between predicted prob-
abilities and observed prevalences across bins of model 
predictions; [82]; integrated calibration index [ICI; mean 
absolute score difference between predicted probabilities 
and observed prevalences from a calibration curve with 
smoothing features; [83]. Lower Brier scores, ICI, and 
ECE values indicated better model calibration.

To improve model interpretability, we implemented the 
Shapley Additive explanations [SHAP; 84] method for 
the elastic net model to identify the essential predictors 
of emergent MDD with the fastshap package [85]. SHAP 
coefficients indicated the effect of each multivariable 
predictor on the model output at the participant level 
[86]. As SHAP analysis estimates the marginal effect of 
a multivariable predictor across all possible permutations 
of predictor subsets, it provides a holistic approach to 
examining the relative importance of predictors, consis-
tent with game-theoretic principles [84].

To implement the SHAP approach, SHAP values were 
calculated using an NCV out-of-sample approach. The 
elastic net was tuned and trained in the inner loop, and 
SHAP values were computed on the corresponding held-
out outer loop test folds using a model-agnostic Monte 
Carlo method (number of simulations = 500) through the 
fastshap package [85]. The glmnet prediction wrapper 
was applied. Individual-level SHAP values were aggre-
gated across outer folds, and predictors were organized 
according to the weighted-average absolute SHAP values 
computed using the IPW values mentioned earlier.

The SHAP bee swarm plot was created to visualize 
both the strength and sign of each predictor’s contribu-
tion to the model output, with horizontal jitter indicat-
ing between-participant variability and color schemes 
denoting predictor strength [blue for lower scores and 
red for higher scores; [87]. The vertical position signaled 
the predictor’s relative importance, but the horizontal 
density plots showed the variability in SHAP coefficients 
that relay the overall sign between the predictor and out-
come, including potential nonlinearities and interactions. 
Importantly, SHAP values indicated predictive impor-
tance without permitting causal inferences.

Results
Model performance metrics in multivariable models 
predicting W2 emergent MDD
Discrimination
The configuration with the best performance was the 
multivariable ML models that used 46 validated W1 
composite predictors while using RF imputation and 
IPW to handle missing data and random subsampling 
to manage class imbalance (OSM Tables S5 to S10 and 
Table  1). Table  1 summarizes the multivariable model 
performance metrics for the 46 validated W1 composite 
predictors of emergent W2 MDD, including AUC, sen-
sitivity, specificity, PPV, NPV, and their 95% CIs. Table 2 
displays the weighted confusion matrices of the six five-
fold NCV models in that configuration. Elastic net clas-
sification produced the best discrimination performance 
(AUC = 0.724, 95% CI = 0.657–0.792), followed by the 
ridge classification model (AUC = 0.723, 95% CI = 0.655–
0.790). Furthermore, the elastic net showed moderate 
sensitivity (0.683, 95% CI = 0.552–0.790) and a high NPV 
(0.970, 95% CI = 0.953–0.981). Together, none of the ML 
models that accommodated nonlinearities and higher-
order interactions (CART, RF, and SVM) performed as 
well as the regularized classification models.

Calibration
Table  3 summarizes the model calibration metrics. The 
elastic net classification model consistently showed low 
values for Brier score (0.199, 95% CI = 0.189–0.207), 
ICI (0.366, 95% CI = 0.347–0.383), and ECE (0.365, 95% 
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CI = 0.346–0.382). This pattern of calibration metrics 
indicated moderate-to-good correspondence between 
predicted probabilities and observed prevalences. Finally, 
the calibration performance of the elastic net was com-
parable to that of the ridge algorithm and superior to 
CART, RF, and SVM (Fig. 1).

Magnitude and direction of each multivariable W1 
predictor of W2 emergent MDD
Table 4 summarizes the SHAP scores, indicating the rela-
tive magnitude of the top 20 W1 multivariable-validated 
composite predictors of W2 emergent MDD among non-
MDD cases at W1. Figure  2 shows both the magnitude 

and direction of the contribution of W1 predictors in 
the SHAP, after accounting for potential nonlinearities 
and higher-order interactions; the numbers reflect their 
estimated relative importance. Regarding psychosocial 
factors, higher perceived stress (#1), early-life minimiza-
tion and neglect (#3), lower family support (#5), higher 
family strain (#11), and lower spousal support (#16) were 
associated with a stronger likelihood of W2 emergent 
MDD. With respect to demographic variables, younger 

Table 1  Multivariable ML performance metrics for the model 
with 46 W1 validated composite predictors of emergent W2 
MDD using random subsampling
Model Metric Estimate LCI UCI
LASSO AUC 0.691 0.623 0.759

Sensitivity (SN) 0.488 0.362 0.616

Specificity (SP) 0.806 0.777 0.833

Positive Predictive Value (PPV) 0.152 0.107 0.212

Negative Predictive Value (NPV) 0.957 0.939 0.970

Ridge AUC 0.723 0.655 0.790

Sensitivity (SN) 0.627 0.495 0.741

Specificity (SP) 0.744 0.712 0.773

Positive Predictive Value (PPV) 0.148 0.109 0.199

Negative Predictive Value (NPV) 0.966 0.948 0.977

ENR AUC 0.724 0.657 0.792

Sensitivity (SN) 0.683 0.552 0.790

Specificity (SP) 0.739 0.707 0.768

Positive Predictive Value (PPV) 0.157 0.116 0.208

Negative Predictive Value (NPV) 0.970 0.953 0.981

CART AUC 0.646 0.578 0.714

Sensitivity (SN) 0.646 0.515 0.759

Specificity (SP) 0.534 0.499 0.568

Positive Predictive Value (PPV) 0.090 0.066 0.122

Negative Predictive Value (NPV) 0.955 0.931 0.971

RF AUC 0.662 0.593 0.731

Sensitivity (SN) 0.641 0.510 0.754

Specificity (SP) 0.665 0.632 0.698

Positive Predictive Value (PPV) 0.120 0.088 0.162

Negative Predictive Value (NPV) 0.963 0.944 0.976

SVM AUC 0.624 0.551 0.696

Sensitivity (SN) 0.584 0.454 0.704

Specificity (SP) 0.574 0.539 0.608

Positive Predictive Value (PPV) 0.089 0.064 0.122

Negative Predictive Value (NPV) 0.951 0.928 0.967
Note. ML, machine learning; W1, wave 1 (2004–2006); W2, wave 2 (2013–2014); 
MDD, major depressive disorder; LCI, lower bound of the 95% confidence 
intervals (CIs); UCI, upper bound of the 95% CIs; AUC, area under the receiver 
operating characteristic curve; SN, sensitivity; SP, specificity; PPV, positive 
predictive value; NPV, negative predictive value; LASSO, least absolute 
shrinkage and selection operator; ENR, elastic net regularization; CART, 
classification and regression trees; RF, random forest; SVM, support vector 
machine. Bold values denote the algorithm with the best specific multivariable 
ML model performance metric. Inverse probability weights (IPWs) are applied 
in each multivariable ML model

Table 2  Weighted confusion matrix of the five-fold nested CV 
model with 46 W1 validated composite predictors of emergent 
W2 MDD
Model True Positives

(TP)
False 
Positives
(FP)

True 
Negatives
(TN)

False 
Nega-
tives 
(FN)

LASSO 27.242 151.814 632.538 28.577

Ridge 34.972 200.999 583.352 20.847

ENR 38.097 204.987 579.365 17.722

CART 36.080 365.869 418.483 19.739

RF 35.780 262.465 521.887 20.039

SVM 32.623 334.551 449.801 23.196
Note. CV, cross-validation; W1, wave 1 (2004–2006); W2, wave 2 (2013–2014); 
MDD, major depressive disorder; LASSO, least absolute shrinkage and selection 
operator; ENR, elastic net regularization; CART, classification and regression 
trees; RF, random forest; SVM, support vector machine. Inverse probability 
weights (IPWs) are applied in each multivariable ML model

Table 3  Calibration analysis for the model with 46 W1 validated 
composite predictors of emergent W2 MDD using random 
subsampling
Model Metric Estimate LCI UCI
LASSO ICI 0.376 0.357 0.393

ECE 0.374 0.355 0.392

Brier Score 0.210 0.201 0.219

Ridge ICI 0.364 0.346 0.382

ECE 0.364 0.346 0.382

Brier Score 0.198 0.189 0.206

ENR ICI 0.366 0.347 0.383

ECE 0.365 0.346 0.382

Brier Score 0.199 0.189 0.207

CART ICI 0.385 0.362 0.404

ECE 0.384 0.362 0.404

Brier Score 0.246 0.231 0.261

RF ICI 0.392 0.371 0.410

ECE 0.391 0.371 0.410

Brier Score 0.224 0.214 0.232

SVM ICI 0.414 0.393 0.433

ECE 0.415 0.395 0.434

Brier Score 0.245 0.235 0.256
Note. W1, wave 1 (2004–2006); W2, wave 2 (2013–2014); MDD, major depressive 
disorder; LCI, lower bound of the 95% confidence intervals (CIs); UCI, upper 
bound of the 95% CIs; LASSO, least absolute shrinkage and selection operator; 
ICI, integrated calibration index; ECE, expected calibration error; ENR, elastic 
net regularization; CART, classification and regression trees; RF, random forest; 
SVM, support vector machine. Bold values denote the algorithm with the 
best specific multivariable ML model performance metric. Inverse probability 
weights (IPWs) are applied in each multivariable ML model
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age (#2) and non-White individuals (#12) were corre-
lated with higher W2 emergent MDD risk. These coping 
strategies were also correlated with higher probability of 
W2 emergent MDD: lower problem-focused coping (#6), 
self-acceptance (#7), health locus of control (#8), self-
directedness (#9), self-esteem (#10), insight into the past 
(#13), psychological well-being (#14), as well as higher 
behavioral disengagement (#19) and perceived uncon-
trollability (#20). For clinical variables, higher W1 GAD 
severity (#4), panic disorder severity (#15), and SUD 
severity (#18) were associated with greater W2 emergent 
MDD risk. For neurocognitive variables, higher total EM 
(#16) was correlated with greater likelihood of W2 emer-
gent MDD. Note that, as we excluded W1 MDD cases, 
the significant W1 GAD, panic disorder, and SUD sever-
ity predictors suggested subthreshold symptom severity 
with restricted ranges.

Sensitivity analyses
Sensitivity analyses examined the pattern of predictive 
performance (Tables S11 and S12), model calibration 
strength (Table S13), and predictor-outcome associations 
(Figure S1) under complete-case analysis for the primary 
analyses. Model predictive performance under complete-
case analysis, both in terms of discrimination and calibra-
tion, was not as strong as that obtained from the primary 

Table 4  Mean absolute SHAP values for the top 20 W1 validated 
composite predictors of emergent W2 MDD diagnosis
Predictor of emergent W2 MDD diagnosis |SHAP|
1. W1 Perceived stress (+) 0.031

2. W1 Age (years) (–) 0.028

3. W1 CTQ Minimization and neglect (+) 0.022

4. W1 GAD severity (+) 0.022

5. W1 Family support (–) 0.021

6. W1 Problem-focused coping (–) 0.017

7. W1 Self-acceptance (–) 0.017

8. W1 Health locus of control (–) 0.015

9. W1 Self-directedness (–) 0.012

10. W1 Self-esteem (–) 0.010

11. W1 Family strain (+) 0.010

12. W1 Insight into the past (–) 0.010

13. W1 White individuals (–) 0.010

14. W1 Psychological well-being (–) 0.010

15. W1 Panic disorder severity (+) 0.009

16. W1 Episodic memory (Immediate) (+) 0.009

17. W1 Spousal support (–) 0.009

18. W1 SUD severity (+) 0.009

19. W1 Behavioral disengagement (+) 0.009

20. W1 Perceived uncontrollability (+) 0.008
Note. SHAP, Shapley additive explanations; W1, wave 1 (2004–2006); W2, 
wave 2 (2013–2014); MDD, major depressive disorder; CTQ, childhood trauma 
questionnaire; GAD, generalized anxiety disorder; SUD, substance use disorder. 
|SHAP| denotes the mean absolute SHAP value for each predictor

Fig. 1  Overview of study participant flow. W1, wave 1 (2004–2006); W2, wave 2 (2013–2015); MDD, major depressive disorder; CIFI-SF, Composite Inter-
national Diagnostic Interview-Short Form; IPW, inverse probability weights; MCAR, missing completely at random; OSM, online supplemental materials
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analyses using RF imputation with IPW. However, many 
of the observed predictor-outcome correlation patterns 
remained in the sensitivity analyses.

Another set of sensitivity analyses tested predictive 
performance with two unique predictor sets. One pre-
dictor set included seven distal risk factors: age, gender, 
race, education level, household income, CTQ minimi-
zation and denial, and the CTQ total scale. This distal 
risk factor set had poor predictive performance metrics 
across all ML models (Table S14). The other predictor set 
comprised 39 mechanism-focused W1 variables, exclud-
ing the seven distal risk factors. The mechanisms-focused 
predictor set showed acceptable predictive performance, 
with elastic net classification again performing best 
(Table S15).

Discussion
The present study tested the predictive accuracy of ML 
models for identifying emergent MDD 9 years later, using 
46 theory-informed, psychometrically validated com-
posite biopsychosocial predictors. Regularized linear 
models, particularly elastic net, performed best in terms 
of discrimination and calibration compared to tree- and 
kernel-based algorithms. Pending external validation 
studies [88], the results highlight the viability of using 

explainable, parsimonious ML algorithms to detect dis-
tal risk factors for long-term emergent MDD. The SHAP 
analyses further identified the direction and magnitude 
of critical theory-based predictors of emergent MDD. 
Plausible accounts are provided to encourage greater pre-
cision medicine research to predict long-term, emergent 
MDD.

Why did regularized linear models, particularly the 
elastic net, outperform their ensemble and nonlinear 
counterparts in predicting nine-year emergent MDD? 
This pattern indicated that the validated composite pre-
dictors at baseline had an additive effect, rather than 
a multiplicative impact, on nine-year emergent MDD, 
given the observed prevalences and sample size of our 
study. These results might be explained by the effective-
ness of regularization methods in handling high-dimen-
sional biopsychosocial data, managing multicollinearity, 
and distilling the essential predictors of future psychiat-
ric outcomes [89, 90]. Our results also concurred with 
prior evidence that regularized elastic net excels at pre-
dicting depression outcomes better than other complex 
ML algorithms that consider nonlinear and moderation 
effects for datasets with limited sample sizes [91]. Find-
ings also reinforced the ‘no free lunch’ theorem in ML, 

Fig. 2  SHAP bee swarm plot of the elastic net classification model of validated composite W1 variables predicting emergent W2 MDD diagnosis. SHAP, 
Shapley additive explanations; W1, wave 1 (2004–2006); W2, wave 2 (2013–2014); MDD, major depressive disorder; CV, cross-validation; CTQ, childhood 
trauma questionnaire; GAD, generalized anxiety disorder; SUD, substance use disorder. The SHAP bee swarm plot from the nested CV elastic net classifica-
tion illustrates the relative importance of each validated composite W1 variable in predicting the emergent W2 MDD among non-MDD cases at W1. W1 
variables are organized by the weighted average absolute SHAP values, such that positive signs (+) indicate predictors linked to a higher likelihood of 
emergent MDD. Conversely, lower signs (–) denote predictors associated with a lower likelihood of emergent MDD. Each point reflects participant-level 
data. The horizontal (x-axis) shows the sign and strength of the effect on the log-odds of W2 emergent MDD. Point color reflects the normalized predic-
tor value (red is higher; blue is lower). The point size denotes the inverse probability weighting (IPW) derived from completer vs. non-completer status. 
Higher SHAP values suggest stronger contribution of the W1 predictor to the model outcome
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which stipulates that any ML algorithm’s relative benefits 
are context-dependent instead of universal [92].

Relatedly, PPV values were consistently low across all 
models, whereas NPV outcomes were consistently high, 
which is a pattern typical for community samples with 
low MDD base rates. Stated differently, PPV is correlated 
with the prevalence rates of the outcome [93–95]. These 
patterns highlight greater pragmatic value in ruling out 
future emergent MDD cases and in building population-
level risk-stratification models [96, 97]. Multivariable 
models with better PPV performance would be needed 
for prognostication, early identification, and intervention 
purposes [98]. Longitudinal studies employing dynami-
cally measured, multimodal predictors and recruit-
ing samples with a higher, more balanced prevalence of 
emergent MDD could enhance all aspects of multivari-
able predictive performance metrics.

Concordant with discrimination performance, the elas-
tic net model showed moderate-to-good calibration per-
formance among the examined algorithms, indicating 
an acceptable alignment between predicted probabilities 
and observed prevalences. Dual strength in both calibra-
tion and discrimination is crucial for real-world clinical 
utility, as both aspects enhance clinical decision-making, 
interpretability, and risk prediction and stratification [78, 
99]. Collectively, future psychiatric studies identifying 
distal risk factors should continue testing calibration and 
discrimination to build clinically actionable predictive 
models.

The SHAP analysis identified an intricate set of mul-
tivariable predictors of emergent MDD. Readers should 
interpret these multivariable patterns as indicating how 
SHAP computes each baseline variable’s marginal effect 
on the model output. Despite baseline variables being 
associated or possibly connected via mediational path-
ways, the ML method treats them as simultaneous risk 
factors rather than causal chains, thereby reducing con-
cerns about confounding effects in this predictive setting. 
Higher perceived stress, early adversity characterized 
by minimization and neglect, and poorer social support 
dimensions were clear risk factors. These patterns might 
indicate the stress-sensitization effects of early adversity 
and its long-term repercussions on interpersonal dynam-
ics [100, 101], plausibly mediated through immune regu-
latory processes [102], that heighten emergent MDD risk.

Demographically, younger adults and non-White 
persons were at risk of emergent MDD. These gradi-
ents might reflect developmental and structural factors. 
Perhaps younger adults experience more stressful life 
transitions across career, finances, marriage, and other 
essential life domains than their older counterparts [103]. 
For non-White participants, lived experiences, such as 
chronic discrimination, fewer accrued coping resources, 

and less access to culturally adapted prevention programs 
and treatments [104], might explain these patterns.

Several psychological coping factors were also impli-
cated in predicting emergent MDD. The constellation of 
variables suggested that less usage of approach-focused 
coping and emotion regulation strategies, coupled with 
limiting beliefs about perceived control, were notable 
risk factors. Avoidance patterns and learned helplessness 
mindsets, as reflected in higher behavioral disengage-
ment [105], blunted self-construals (e.g., self-acceptance) 
[25, 42, 106], and weaker insights [107], may also 
adversely impact reward learning and problem-solving. 
Together, these factors might jointly increase the prob-
ability of emergent MDD nine years later among non-
MDD cases at baseline.

Despite their restricted ranges, higher baseline GAD, 
panic disorder, and SUD symptom severity were corre-
lated with higher probability of emergent MDD among 
those without past-year MDD at baseline. These clini-
cal variables likely signaled transdiagnostic indicators 
of either MDD incidence or recurrence via social-cog-
nitive processes, such as interpersonal issues [108] and 
threat hypervigilance [109]. Collectively, these comorbid 
symptoms might raise the likelihood of emergent MDD 
through various stress generation processes.

Intriguingly, EF variables were not predictive of emer-
gent MDD; however, stronger total EM was counterin-
tuitively associated with a higher risk of emergent MDD. 
Plausibly, stronger EM might be intimately linked to the 
tendency to recall stressful events in ways that perpetu-
ate non-constructive ruminative brooding. Relatedly, col-
lider bias might account for this pattern [110], as people 
without MDD at baseline were followed up, potentially 
creating hidden confounding that could lead to mislead-
ing relationships.

Upon conducting a complete case analysis, the predic-
tive performance metrics of the multivariable ML models 
were compromised. Perhaps deleting participants with 
incomplete responses resulted in the loss of valuable 
information and skewed the sampling distribution [111]. 
Comparatively, our primary analyses imputed plausible 
values using the RF approach to leverage all available 
data, and random subsampling addressed class imbal-
ance in the emergent MDD outcome variable. However, 
many similar inferences would have been drawn, suggest-
ing that the primary outcomes were stable and not due to 
missing-data handling strategies.

The present study should be interpreted within the con-
text of its limitations. First, because our study measured 
past-year MDD at each time point, it was not possible to 
distinguish between recurrent and first-onset episodes 
over the 9 years. Outcomes should thus be construed as 
distal risk for past-year MDD status at W2 among non-
cases at W1, instead of the incidence of first-onset MDD. 
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Relatedly, this design shortcoming could have underesti-
mated the actual incidence rates of emergent MDD. Sec-
ond, as we focused on internal validation with the NCV 
approach, future studies should conduct external valida-
tion to enhance the model’s clinical utility [88]. Third, 
future attempts to develop a multivariable predictive 
model that excels in both discrimination and calibration 
should expand the predictor set, for example, by includ-
ing electronic health records (EHR) data [112]. Fourth, 
given the low rate of emergent MDD (6.23%), replication 
efforts should recruit larger and more balanced samples 
[113]. Fifth, baseline self-reported predictors may shift 
over time and be liable to recall biases, underscoring the 
importance of exploring time-varying models. Sixth, no 
causal conclusions can be drawn from this multivariable 
prediction model. Seventh, given the well-established 
inequities in access to and care [114], future research 
should recruit more diverse samples by race, gender 
identity, and socioeconomic status. Finally, the exclusion 
criterion of removing W1 MDD cases, though important 
for examining emergent cases, did not capture the full 
range of symptom severity, a caveat for readers as they 
construe these findings.

However, the study’s strengths include a 9-year follow-
up, a high-dimensional predictor set comprising 46 the-
ory-informed and psychometrically validated composite 
biopsychosocial variables, robust tests of ML models, 
and the NCV method, which minimized overfitting. In 
addition, the selected variables in the predictor set were 
accessible and inexpensive to assess. Finally, discovering 
that simpler linear models, such as elastic net, were bet-
ter at predicting long-term emergent MDD than more 
complex models accounting for nonlinear relationships 
could guide multivariable predictive modeling of psychi-
atric outcomes with low observed prevalence.

If externally validated in larger, more balanced samples, 
the clinical implications, including early identification of 
long-term emergent MDD risk and individualized pre-
vention, merit attention. First, the capacity of regularized 
linear models, especially the elastic net, to identify risk 
factors of emergent MDD nine years later with acces-
sible biopsychosocial self-report data offers practicality 
and portability to community mental health and primary 
care settings. Second, the high NPV values imply the 
elastic net model’s strength to accurately rule out future 
risk among low-risk participants, optimizing the alloca-
tion of prevention resources. Third, the SHAP analysis 
could enable personalized prevention by modifying key 
factors, such as alleviating perceived stress, optimizing 
BMI, and increasing self-acceptance and social support 
in adults flagged as high risk for emergent MDD. Fourth, 
interpretable and transparent algorithms, such as elastic 
net, might enhance clinicians’ trust in prognostic models 
and ease shared decision-making between patients and 

providers [115, 116]. Collectively, these clinical impli-
cations highlight the potential for scalable, actionable, 
and cost-effective prognostic instruments to be used 
to prevent the emergence of MDD over extended time 
horizons.
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