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A B S T R A C T   

Background: Subclinical depression (SD) is a mental health disorder characterized by minor depressive symptoms. 
Most SD patients are treated in the primary practice, but many respond poorly to treatment at the expense of 
provider resources. Stepped care approaches are appealing for tiering SD care to efficiently allocate scarce re-
sources while jointly optimizing patient outcomes. However, stepped care can be time inefficient, as some 
persons may respond poorly and be forced to suffer with their symptoms for prolonged periods. Machine learning 
can offer insight into optimal treatment paths and inform clinical recommendations for incident patients. 
Methods: As part of the Step-Dep trial, participants with SD were randomized to receive stepped care (N=96) or 
usual care (N=140). Machine learning was used to predict changes in depressive symptoms every three months 
over a year for each treatment group. 
Results: Tree-based models were effective in predicting PHQ-9 changes among patients who received stepped care 
(r=0.35–0.46, MAE=0.14–0.17) and usual care (r=0.34–0.49, MAE=0.15–0.18). Patients who received stepped 
care were more likely to reduce PHQ-9 scores if they had high PHQ-9 but low HADS-A scores at baseline, a low 
number of chronic illnesses, and an internal locus of control. 
Limitations: Models may suffer from potential overfitting due to sample size limitations. 
Conclusion: Our findings demonstrate the promise of machine learning for predicting changes in depressive 
symptoms for SD patients receiving different treatments. Trained models can intake incident patient information 
and predict outcomes to inform personalized care.   

1. Introduction 

Subclinical depression (SD) is a mental health disorder similar to 
major depression but characterized by reduced symptoms, shorter epi-
sodes, less comorbidities, fewer recurrences, and subdued psychosocial 
and physical impairments (Ayuso-Mateos et al., 2010; Kessler et al., 
1997; Lyness, 2020; Wells et al., 1989). It is the strongest predictor for 
the onset of major depressive disorder (MDD) (Cuijpers et al., 2008; 
Davidson et al., 2015) and a disabling and burdensome condition itself 
(Beck and Koenig, 1996), affecting 9–10% of Americans over their 
lifetimes (Kessler et al., 1997; Lyness et al., 1999; Pietrzak et al., 2013) 
and contributing billions in annual economic losses to the U.S. economy 
(Cuijpers et al., 2007). SD is often comorbid with other medical condi-
tions like coronary heart disease (CHD) (Schleifer et al., 1989) and/or 

type 2 diabetes (T2D) (Ali et al., 2006), which can lead to a perpetual 
cycle with each being a risk factor for the other (Katon, 2003). Such 
comorbidities can compound depressive symptoms and interfere with 
patient treatment adherence, quality of life, and survival outlook (Ali 
et al., 2010; Gehi et al., 2005; Katon et al., 2010; Lin et al., 2004; Sul-
livan et al., 2012). 

The majority of SD patients who seek care are treated in the general 
practice (Pincus et al., 1999; Williams et al., 1995) and most commonly 
prescribed antidepressant medications (Lyness, 2020; Zhang et al., 
2014). Unfortunately, the efficacy of antidepressants is inconsistent 
(Lyness, 2020) and can be ineffective among patients (Barbui et al., 
2011; Baumeister, 2012; Cameron et al., 2014; Hegerl et al., 2012; 
Rapaport et al., 2011), enabling their symptom severity to prevail while 
concurrently sinking provider resources that could be better utilized in 
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an already strained system (Bodenheimer and Smith, 2013; Chisholm 
et al., 2004). Patient burdens can be largely reduced if incident cases are 
identified and triaged accordingly in at-risk populations. Individuals 
with chronic illnesses like CHD or T2D are prime populations for tar-
geted interventions, as about a third have SD and of those patients, 40% 
will develop MDD within two years (Bot et al., 2010; Hance et al., 1996; 
Pols et al., 2018; Thombs et al., 2006). 

The stepped care model is a new and appealing approach for tiering 
depression care in order to efficiently allocate provider resources while 
jointly optimizing patient outcomes (Andrews and World Health Orga-
nization, 2006; National Collaborating Centre for Mental Health (UK), 
2011). In this system, patients start with low intensity treatments such as 
watchful waiting, self-help, or problem-solving exercises before pro-
gressing to high intensity treatments involving cognitive behavioral 
therapy or medication if positive responses are lacking (Andrews et al., 
2010; Bower and Gilbody, 2005; Cuijpers et al., 2010; Gellatly et al., 
2007; Richards and Richardson, 2012). Benefits of this model stem from 
the less resource-intensive nature of earlier treatments, as these efforts 
typically need not be administered by specialists and have been pro-
posed as a cost-effective solution (van Straten et al., 2015). Despite the 
appeal of stepped care, current evidence is mixed regarding its efficacy 
(Bower and Gilbody, 2005; Muñoz et al., 2010). Some studies have 
found stepped care to be beneficial in populations with anxiety and 
depression, while other research has showed stepped care to have 
modest or statistically insignificant effects (Meuldijk and Wuthrich, 
2019; Pols et al., 2017; van Straten et al., 2015). These mixed results 
reflect the etiological complexity and heterogeneity of the disorder, 
leading to issues in understanding who may benefit from the stepped 
care paradigm (Athira et al., 2020; Ménard et al., 2016). 

Machine learning offers a promising way to inform personalized care 
for SD patients considering different treatment paths. Using historical 
data containing labeled outcomes for patients who received different 
treatments, machine learning models can be trained on separate treat-
ment groups and subsequently leveraged to predict outcomes for new 
patients upon hypothetical receipt of a given treatment. Previous work 
has applied this framework to identify optimal treatment paths for pa-
tients with various psychiatric disorders – including depression – by 
modeling patient outcomes upon receipt of medications, psychother-
apies, digital interventions, and neurobiological treatments (Chekroud 
et al., 2021). The success of these studies largely hinges upon machine 
learning’s ability to model complex non-linear relationships between a 
set of predictors and an outcome, which often entails detecting and 
aggregating small effects and interactions among the predictors (Hastie 
et al., 2009). This feat is difficult to achieve using classical statistical 
methods that make parametric assumptions about the underlying data, 
model strictly linear relationships, and suffer from problems of multi-
collinearity. While machine learning methods may increase the risk of 
overfitting, they are well suited for modeling the elusive signals between 
patient-level predictors and heterogeneous depression outcomes. 

Our study interrogates whether data from the previously conducted 
Step-Dep trial (Pols et al., 2017) can be used to predict future changes in 
depressive symptoms among SD patients with comorbid CHD and/or 
T2D. We used machine learning methods to model each study arm 
(treatment group) separately. Predictors included demographic, dietary, 
behavioral, and exercise-related variables, as well as depressive history 
and additional psychiatric measures. Feature importance was explored 
to understand which predictors explained depression changes within 
each treatment group. In the present manuscript, we sought to answer 
the following research questions: 1) can machine learning predict 
changes in depression severity among SD patients using baseline patient 
characteristics, and if so, 2) which features are most predictive of future 
changes in depressive symptoms. 

2. Methods 

2.1. Participants 

The current sample was obtained from the open access dataset 
associated with the Dutch Step-Dep cluster randomized trial, which was 
conducted between January 2013 and November 2015 (Pols et al., 
2017). Two hundred thirty-six patients with SD and comorbid T2D and/ 
or CHD from the Netherlands consented to participate in the Step-Dep 
trial. Participants were identified across 27 primary centers in the 
Netherlands through electronic patient record systems and recruited via 
mail by their general practitioner. Requirements for enrollment included 
being 18+ years of age, possessing an International Classification of 
Primary Care diagnosis for T2D and/or CHD, presenting a non-depressed 
status per the Mini International Neuropsychiatric Interview (MINI) 
(van Vliet and de Beurs, 2007), and falling within the SD range ac-
cording to the Patient Health Questionnaire (PHQ-9) (Kroenke and 
Spitzer, 2002; Lamers et al., 2008). Additional requirements included 
omission of any cognitive impairments, psychotic conditions, terminal 
illnesses, personality disorders, visual impairments, current pregnan-
cies, use of antidepressant medication, familial losses within the past six 
months, history of suicide, or verbal/written impairments. Subjects 
were randomized to either the intervention group consisting of the 
stepped care treatment or control group consisting of usual care (referral 
to a general practitioner). After informing subjects of their randomiza-
tion status and accounting for dropout, 96 patients remained in the 
stepped care group, and 140 remained in the usual care group. Partici-
pants were asked to complete their respective treatments and were fol-
lowed for one year. 

2.2. Primary outcome 

The outcome of interest was change in baseline PHQ-9 score over 
varying time intervals (0–3, 0–6, 0–9, and 0–12 months). The PHQ-9 is a 
common Likert-based method used to measure depressive symptoms. It 
includes nine items pertinent to the Diagnostic and Statistical Manual of 
Mental Disorders’ DSM-IV and ranges from 0–27, with higher scores 
being indicative of more severe depression (Bell, 1994; Kroenke and 
Spitzer, 2002). PHQ-9 is widely used in practice and has been shown to 
perform well in clinical settings (Lamers et al., 2008; Meader et al., 
2011). 

2.3. Features 

Of the patient variables collected in the Pols et al. (2017) study, 23 
were included in the open access dataset, including 15 categorical var-
iables and 8 continuous variables. Specifically, categorical variables 
included sex (male/female), marital status (single/married), parental 
birthplace (yes/no, where yes indicates both parents born in 
Netherlands), rural residential area (yes/no, where yes indicates living 
in a rural area), employment status (employed/unemployed), education 
level (low/average/high), excessive alcohol usage (yes/no, where yes is 
>10 units/week for men and >5 units/week for women), current 
smoking behavior (yes/no), normal exercise behavior (yes/no, where 
yes is 10 minutes/day and 5 days/week), ethnic origin (Dutch/non- 
Dutch), onset of depression (early/late, where early is before age 55), 
baseline dysthymia status according to the MINI (yes/no) (Sheehan 
et al., 1998; van Vliet and de Beurs, 2007), and presence of comorbid 
illness according to the Dutch Questionnaire Chronic Illnesses for T2D 
(yes/no), CHD (yes/no), and comorbid T2D/CHD (yes/no). Continuous 
variables included the number of chronic diseases, body mass index 
(BMI), number of historical depressive episodes according to the Diag-
nostic Interview Schedule (Robins, 1981), baseline locus of control 
(range 0–20 with higher scores indicating a more external locus of 
control and lower scores indicating a more internal locus of control), 
baseline social support (range 0–48 with higher scores indicating more 
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perceived social support), baseline Hospital Anxiety and Depression 
Scale depression (HADS-D) and anxiety (HADS-A) scores (range 0–21 
with higher scores indicating higher severity), and baseline PHQ-9 
score. 

2.4. Data partitioning 

We partitioned the Step-Dep cohort into two distinct datasets by 
treatment group. In doing so, we were able to (1) train separate models 
to predict PHQ-9 changes upon hypothetical receipt of a specific treat-
ment, and (2) assess the patient characteristics that explained PHQ-9 
changes within each treatment group. It is also important to consider 
each treatment group separately due to the sheer differences in treat-
ment regimen. Treatment in the usual care group consisted of standard 
access to a general practioner (GP) as provided by Dutch guidelines, 
whereas treatment in the intervention group was modeled after the 
stepped care approach introduced by van’t Veer-Tazelaar et al. (2009). 
This consisted of four 3-month long phases that increased in intensity:  

1. Step 1: Watchful waiting – No active care was provided in this initial 
phase, as recoveries from SD are common (van’t Veer-Tazelaar et al., 
2009). 

2. Step 2: Written self-help course – In this step, patients were admin-
istered a written guided self-help course. Patients met with practice 
nurses every other week to monitor progress. 

3. Step 3: Problem-solving treatment (PST) – During this phase, prac-
tice nurses provided patients with a PST to treat symptoms by 
focusing on practical skill building (Bosmans et al., 2012; Gask, 
2006). Step-Dep’s version of the PST consisted of a maximum of 
seven sessions during the 12-week period.  

4. Step 4: Referral to GP – The last step was initiated if SD was present 
after completion of the subsequent steps, or if a patient was diag-
nosed with clinical depression or expressed suicidal ideation at any 
time during the follow-up period. 

SD status was defined as PHQ-9≥6. Patients showing recurrent SD 
after a 3-month interval were offered (not required) the next sequential 
step in the Step-Dep program. A PHQ-9<6 at any point during follow-up 
initiated Step 1 of the program. If a patient showed recurrent depressive 
symptoms after a period of remission, the patient was offered the next 
subsequent step they had not yet received. Full details of the Step-Dep 
treatment plan are provided in the original Pols et al. (2017) manuscript. 

2.5. Machine learning 

For both stepped care and usual care groups, a nested framework was 
used to train machine learning models for predicting changes in baseline 
PHQ-9 across 0–3, 0–6, 0–9, 0–12 month intervals using the 23 patient 
features. The outer loop of the nested framework consisted of a leave- 
one-out train/test split procedure. In other words, all patients (obser-
vations) were apportioned to the training set with a lone exception, 
which was used as the test set. To deal with missingness in the data, five 
iterations of multiple imputation by chained equations (MICE) (Buuren 
and Groothuis-Oudshoorn, 2011) were applied to the train/test split, 
which resulted in five different train/test combinations. The MICE ob-
ject used to impute each training fold was saved and reapplied to impute 
the corresponding testing fold. In some instances, the MICE algorithm 
imputed different values for missing patient covariates across time in-
tervals corresponding to PHQ-9 measurements. Because the patient 
characteristics are static, they should not change over time; therefore, 
for each subject where this occurred, we calculated the median value 
across the five observations for all columns with imputations. The me-
dian is robust to binary categorical variables, as it is equivalent to 
selecting the mode out of the five imputations for each patient. It is also 
robust to multilevel categorical variables (e.g., education level), as these 
variables were encoded by integers in an ordinal fashion. After 

imputation, extreme gradient boosting (XGBoost) (Chen and Guestrin, 
2016) models were fit and hypertuned on each imputed training dataset 
using 5-fold cross validation with macro-averaged root mean squared 
error (RMSE) to gauge model performance in the inner loop. The final 
tuned model was used to make predictions for each corresponding 
imputed test set. Predictions for each imputed test set were pooled via 
macro-averaging and stored in a vector before moving onto the next 
iteration (Fig. 1). The resulting vector from our nested framework 
contained one prediction corresponding to each patient, which was used 
to compute overall performance metrics given the known labels for each 
patient. We used R-squared (R2), Pearson correlation (r), and normal-
ized mean absolute error (MAE) metrics to estimate the overall perfor-
mance of our machine learning approach. 

2.6. Feature importance 

Shapley additive explanations (SHAP values) (Lundberg and Lee, 
2017) were used to analyze feature importance for the models predict-
ing changes in baseline PHQ-9 across the 0–12 month interval. By 
important variables, we refer to those that significantly influenced the 
magnitude and direction of the PHQ-9 predictions. For each iteration in 
the nested framework, SHAP values were calculated for the five models 
trained on imputed training sets, appended together, and stored in a 
data structure before continuation of the next iteration. After all itera-
tions of the nested framework were completed, the SHAP values in the 
resulting data structure were pooled together via macro-averaging and 
visualized using feature importance summary plots. 

2.7. Software 

All data analysis was performed using version 4.2.0 of the R statis-
tical software (RStudio Inc., Boston, MA, USA). Specifically, we used the 
dplyr package for data wrangling and manipulation (Wickham et al., 
2022), the mice and NADIA packages for imputation (Borowski and Fic, 
2022; Buuren et al., 2021), the caret package for machine learning (Kuhn 
et al., 2022), and the SHAPforxgboost package for feature importance 
analysis (Liu et al., 2021). 

3. Results 

3.1. Patient characteristics 

Of the 236 patients included in the Step-Dep trial, 96 received 
stepped care and 140 received usual care. Due to randomization, patient 
characteristics were relatively balanced across the treatment groups 
(Table 1). The mean age of the total sample was 67.5 years (SD=10.0), 
107 participants were female (45%), and the mean baseline PHQ-9 score 
was 9.4 (SD=3.2). A full description of the participant baseline char-
acteristics is included in Table 1 (Pols et al., 2017). 

3.2. Intervention uptake and loss to follow-up 

In the intervention group, 90 patients (94%) started the Step-Dep 
treatment. A majority received the first two steps of Step-Dep, which 
consisted of watchful waiting and subsequent guided self-help (63% and 
26%, respectively). An additional 11 patients were offered guided self- 
help but declined. Nine patients (9%) started the PST, and 6 addi-
tional patients (6%) declined this step. Only 3 patients progressed to the 
final step and were referred to their respective GP. Twenty-five patients 
(26%) dropped out of the intervention group due to frailty (n=7), time 
restraints (n=2), lack of motivation (n=7), moving away (n=2), and 
unknown reasons (n=7) (Pols et al., 2017). Due to loss to follow-up, 
7–18% of PHQ-9 scores were missing in the intervention group, and 
13–21% of PHQ-9 scores were missing in the usual care group (Sup-
plementary Table 1). These values were imputed via MICE. 
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3.3. Predicting PHQ-9 changes 

Machine learning models were effective in predicting PHQ-9 changes 
for each treatment group, and varied slightly across the 0–3, 0–6, 0–9, 
and 0–12 month intervals (Table 2). The models trained on patients in 
the usual care group outperformed the models trained on patients in the 
intervention group for the 0–3 (r=0.49, MAE=0.16 vs. r=0.39, 
MAE=0.14) and 0–6 (r=0.39, MAE=0.16 vs. r=0.37, MAE=0.17) month 
intervals; however, the models trained on patients in the usual care 
group underperformed the models trained on patients in the interven-
tion group for the 0–9 (r=0.39, MAE=0.18 vs. r=0.46, MAE=0.15) and 
0–12 (r=0.34, MAE=0.15 vs. r=0.35, MAE=0.16) month intervals. 
Among the four models corresponding to each time interval, perfor-
mance variability was similar among the usual care (SDr=0.07, 
SDMAE=0.01) and intervention (SDr=0.05, SDMAE=0.01) groups. Clini-
cally significant (±5 PHQ-9 changes) improvements were predicted in 
33–47% of patients in the intervention group and 29–39% of patients in 
the usual care group, while clinically significant regressions were pre-
dicted in 3–6% of patients in the intervention group and 4–7% of pa-
tients in the usual care group (Table 3) (Löwe et al., 2004). 

3.4. Feature importance 

In the models predicting PHQ-9 changes over the course of one year, 
SHAP plots revealed that patients who received the intervention were 
more likely to reduce PHQ-9 scores if they had high PHQ-9 but low 
HADS-A scores at baseline, a low number of chronic illnesses, and an 
internal locus of control (Fig. 2A). Interestingly, drivers of PHQ-9 re-
ductions in the patients who received usual care were explained by high 
PHQ-9 but low HADS-D scores at baseline (Fig. 2B). The most important 
features varied among the intervention and usual care groups, with the 
only exception being baseline PHQ-9 score. Linear models were also 
used to generate first-order associations between the predictors and 
PHQ-9 changes over the course of one year for both treatment groups 
(Supplementary Table 2). As in the SHAP plots (Fig. 2), linear models 
indicated that higher PHQ-9 and lower HADS-A scores at baseline were 

significantly associated with depression reductions in the intervention 
group, while higher PHQ-9 and lower HADS-D scores at baseline were 
significantly associated with depression reductions in the usual care 
group. However, several of the meaningful drivers of PHQ-9 predictions 
highlighted by the SHAP plots in the intervention group were masked in 
the linear model. 

4. Discussion 

In this study, we applied machine learning methods to open access 
data from the Step-Dep trial to predict changes in PHQ-9 scores for 
patients in the intervention and usual care groups separately. We found 
that our models were effective in predicting the outcome in both treat-
ment groups, and about a third of the predictions were indicative of 
clinically significant changes in depressive symptoms. In the interven-
tion group, high baseline depressive symptoms (PHQ-9), low baseline 
anxiety symptoms (HADS-A), a low number of chronic illnesses, and an 
internal locus of control were the strongest predictors of reductions in 
depression over one year (Fig. 2A). In the usual care group, high 
depressive symptoms assessed by the PHQ-9 but low depressive symp-
toms as measured by the HADS-D at baseline were the strongest pre-
dictors of reductions in depression over one year (Fig. 2B). These models 
can be subsequently used to predict hypothetical PHQ-9 changes in 
incident SD patients and inform personalized treatment decisions con-
cerning stepped care versus usual care. 

Our results are in line with several prior studies, which also used 
machine learning to successfully predict similar patient outcomes 
among alike populations in response to antidepressants (Chekroud et al., 
2016; Nie et al., 2018), psychotherapeutic techniques (Delgadillo and 
Gonzalez Salas Duhne, 2020), antipsychotic medications (Koutsouleris 
et al., 2016; Leighton et al., 2019), and emerging digital therapies 
(Hornstein et al., 2021; Jacobson and Nemesure, 2021). Our findings 
somewhat diverge from the original Pols et al. (2017) study, which 
concluded that Step-Dep was not more effective in preventing MDD than 
usual care when analyzing the same data with a linear mixed model. 
While this conclusion is valid given their study design and inference- 

Fig. 1. Illustration of the machine learning nested framework.  
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based approach, it does not recognize that some persons may respond 
better to stepped care than usual care. Our results are agnostic of the 
trial result and offer analytical evidence that individual outcomes can be 
accurately predicted for both treatments, enabling personalized solu-
tions rather than generalizations for depression care. 

Of particular interest are the insights gleaned from the feature 
importance analysis for the models predicting PHQ-9 changes over the 
0–12 month interval. In the intervention group, we observed that high 
PHQ-9 but low HADS-A scores at baseline, a low number of chronic 
illnesses, and an internal locus of control were the strongest predictors of 
PHQ-9 reductions (Fig. 2A). Intuitively, we expected high baseline PHQ- 
9 scores to predict reductions in PHQ-9. The other findings also matched 
expectations informed by the prior literature. High anxiety levels have 
been shown to be associated with incident MDD in diabetic patients with 
SD (Bot et al., 2010), and other studies have reported that anxiety dis-
orders are often longitudinally predictive of MDD episodes in the gen-
eral population (Jacobson and Newman, 2017; King-Kallimanis et al., 

2009; Merikangas et al., 2003). Similarly, the presence of chronic illness 
has been previously associated with incident MDD in SD populations 
(Cuijpers et al., 2005) as well as in elderly populations (Alvarenga et al., 
2012; Niti et al., 2007). Further, prior research has consistently docu-
mented a positive relationship between external locus of control and 
depressive symptoms (Benassi et al., 1988; Cheng et al., 2013; Presson 
and Benassi, 1996). Therefore, it is unsurprising that low baseline 
HADS-A, a low number of chronic illnesses, and an internal locus of 
control were predictive of reductions in PHQ-9. On the other hand, the 
SHAP values for the usual care group showed that high PHQ-9 but low 
HADS-D scores at baseline were strong predictors of PHQ-9 reductions 
(Fig. 2B). This seemingly paradoxical result likely reflects known mea-
surement variances among the PHQ-9 and HADS-D scales. The HADS-D 
scale focuses on measuring anhedonia symptoms (Snaith, 2003), while 
the PHQ-9 scale captures a more heterogeneous spectrum of depressive 
symptoms (Hansson et al., 2009). Thus, the usual care group’s feature 
importance plot implies that subjects who reduced PHQ-9 scores did not 
experience much limitation in their perception of pleasure. Interest-
ingly, while HADS-D was less important in explaining PHQ-9 reductions 
for the intervention group, the inverse was observed in the intervention 
group’s feature importance plot despite the small dispersion of SHAP 
values. Considering these results altogether, it is plausible that stepped 
care is most effective for patients who are free of anxiety and other 
comorbidities, who believe they are in control of their fate, and whose 
perception of pleasure is limited. While this hypothesis is workable, 
further research is needed to explore this theory. 

Our study has a few notable limitations. First, the small sample size 
constrains the machine learning techniques that can be explored and 
significantly increases the chance of overfitting. Therefore, we opted to 
use a nested framework and multiple imputation to hedge against 
overfitting while maximizing the number of observations available for 

Table 1 
Patient characteristics by treatment group.   

Intervention  Usual care  Total sample   

(N=96) (N=140) (N=236) 

Female 42 (43.8) 65 (46.4) 107 (45.3) 
Age, mean (SD) 67.8 (9.2) 67.3 (10.5) 67.5 (10.0) 
Marital status    

Married/living together 55 (57.3) 67 (47.9) 122 (51.7) 
Single/divorced/widowed 35 (36.5) 63 (45.0) 98 (41.5) 
Not reported 6 (6.3) 10 (10.4) 16 (6.8) 

Both parents born in the 
Netherlands 

74/90 
(82.2) 

112/130 
(86.2) 

186/220 
(84.5) 

Rural residential area 42 (43.8) 57 (40.7) 99 (41.9) 
Unemployed/sick 12/90 

(13.3) 
14/130 
(10.8) 

26/220 
(11.8) 

Level of education    
Low 33 (34.4) 56 (40.0) 89 (37.7) 
Average 22 (22.9) 38 (27.1) 60 (25.4) 
High 35 (36.5) 36 (25.7) 71 (30.1) 
Not reported 6 (6.3) 10 (7.1) 16 (6.8) 

Type 2 diabetes (T2D) 60 (62.5) 90 (64.3) 150 (63.6) 
Coronary heart disease (CHD) 58 (60.4) 90 (64.3) 148 (62.7) 
T2D and CHD 22 (22.9) 40 (28.6) 62 (26.3) 
Nr of chronic diseases, median 

(IQR) 
3 (2–5) 3 (2–5) 3 (2–5) 

T2D treated with insulin or oral 
medication 

42/57 
(73.7) 

64/83 (77.1) 106/140 
(75.7) 

CHD treated with chronic 
medication 

46/54 
(85.2) 

65/85 (76.5) 111/139 
(79.9) 

Current smoker 16/90 
(17.8) 

23/129 
(17.8) 

39/219 
(17.8) 

Alcohol use above norm 29/90 
(32.2) 

34/129 
(26.4) 

63/219 
(28.8) 

Exercise under norm 56/90 
(62.2) 

85/129 
(65.9) 

141/219 
(64.4) 

BMI, mean (SD) 29.4 (6.8) 28.5 (5.6) 28.9 (6.1) 
Locus of control, mean (SD) 8.3 (4.2) 7.6 (4.1) 7.9 (4.2) 
Social support, mean (SD) 35.8 (9.0) 36.7 (9.5) 36.3 (9.2) 
Dysthmia 6 (6.3) 7 (5.0) 13 (5.5) 
Nr of depression in history    

0 35 (36.5) 65 (46.4) 100 (42.4) 
1 14 (14.6) 11 (7.8) 25 (10.6) 
2 or more 40 (41.7) 43 (30.7) 83 (35.2) 
Not reported 7 (7.3) 21 (15.0) 28 (11.9) 

Onset of depression after age of 
55 

38/89 
(42.7) 

63/121 
(52.1) 

101/210 
(48.1) 

PHQ-9 at baseline, mean (SD) 9.5 (3.1) 9.3 (3.2) 9.4 (3.2) 
Depression HADS, mean (SD) 6.9 (3.9) 6.1 (3.7) 6.5 (3.8) 
Anxiety HADS, mean (SD) 6.9 (3.7) 6.3 (3.9) 6.5 (3.8) 

Note: This table was obtained from the original (Pols et al., 2017) study. 
Numbers in parentheses are percentages unless otherwise stated. 
Abbreviations: BMI=Body Mass Index; EQ-5D-5L=Euroqol 5 dimensions 5 
levels, PHQ-9=Patient Health Questionnaire-9; HADS=Hospital Anxiety and 
Depression Scale. 

Table 2 
Model performance by time interval, stratified by treatment group.   

Model 
1 

Model 
2 

Model 
3 

Model 4 Std. 
Dev. 

(0–3 m) (0–6 m) (0–9 m) (0–12 
m) 

(SD) 

Intervention (N=96)      
R-squared (R2) 0.15 0.13 0.21 0.12 0.04 
Pearson’s correlation 

(r) 0.39 0.37 0.46 0.35 0.05 

Mean absolute error 
(MAE)a 0.14 0.17 0.15 0.16 0.01 

Usual care (N=140)      
R-squared (R2) 0.24 0.15 0.15 0.11 0.05 
Pearson’s correlation 

(r) 0.49 0.39 0.39 0.34 0.07 

Mean absolute error 
(MAE)a 0.16 0.16 0.18 0.15 0.01  

a Min-max normalization used to standardize statistics to [0,1] range. 

Table 3 
Predictions of clinically significanta PHQ-9 changes by time interval, stratified 
by treatment group.   

Model 1 Model 2 Model 3 Model 4 

(0–3 m) (0–6 m) (0–9 m) (0–12 m) 

Intervention (N=96)     
Improvement 32 (33%) 45 (47%) 39 (41%) 34 (35%) 
Regression 5 (5%) 5 (5%) 3 (3%) 6 (6%) 
Neither 59 (61%) 46 (48%) 54 (56%) 56 (58%) 

Usual care (N =140)     
Improvement 44 (31%) 47 (34%) 40 (29%) 54 (39%) 
Regression 10 (7%) 6 (4%) 6 (4%) 7 (5%) 
Neither 86 (61%) 87 (62%) 94 (67%) 79 (56%)  

a PHQ-9 changes of ±5 were considered clinically significant. 
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training. We recognize that many other methods could have been used 
with larger sample sizes that may have yielded more robust statistical 
properties. Second, we did not operationalize a formal rule to assign 
treatment modalities for incident SD patients. The naïve rule would be to 
assign patients to the treatment that predicts the greatest reduction (or 
smallest increase) in their PHQ-9 scores; however, a more clinically 
meaningful rule could not be established again due to the small sample 
size. Third, we did not attempt to develop a system to assign stepped 
care patients to low versus high intensity steps as done in prior research 
(Delgadillo et al., 2022). While we did fit a series of models to predict 
PHQ-9 changes across the 0–3, 0–6, 0–9, and 0–12 month intervals for 
the intervention group (Table 2), a very small proportion of patients 
randomized to stepped care progressed to high intensity treatments at 
later time points; therefore, creating a framework to triage patients to 
specific steps of the stepped care program was infeasible. Fourth, this 
study did not attempt to identify drivers of differential PHQ-9 pre-
dictions generated from the models trained on separate treatment 
groups. Future studies should seek to do so, particularly those with a 
larger emphasis on model inference. Lastly, we did not explore the ef-
ficacy of stepped care as a standalone intervention. Additional pro-
spective studies should be conducted to interrogate the effectiveness of 
this promising intervention. 

In conclusion, we found that machine learning methods were effec-
tive for predicting changes in baseline PHQ-9 scores among SD patients 
who received stepped care and usual care. Strong predictors of PHQ-9 
reductions among stepped care patients were consistent with the pri-
mary literature and included high baseline PHQ-9, low baseline HADS- 
A, a low number of chronic illnesses, and an internal locus of control. 
Future work should seek to replicate this study with bigger data that 
incorporates multimodal predictors from diverse populations, pilot 
machine learning solutions in clinical trials, and continue identifying 
common psychiatric markers associated with positive stepped care 
outcomes. Overall, our study contributes to the mounting body of 
literature that uses predictive paradigms to aid in personalized depres-
sion care, contributing to the overarching goal of improving treatment 
while concurrently optimizing healthcare resources. 
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