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ABSTRACT

Depression is a mental disorder with a high lifetime prevalence and one of the leading causes of disability worldwide. As many
patients experience another depressive episode after being treated, predictive monitoring for the risk of relapse is essential for

healthcare professionals to be able to follow up on patients and intervene early. However, automatically monitoring these large

groups requires additional considerations going beyond predictive performance, such as data availability and interpretability. In

the present paper, we study the suitability of using readily available administrative data for this prediction task. We contrast a

logistic regression model containing only a small number of predictors on demographics, medication, and estimated depression

severity with regularized regression and XGBoost models incorporating a large number of predictors describing individual

treatment and social information. Our results demonstrate that the inclusion of more detailed input does not result in a significant

improvement in performance when compared to simpler regression models. In similar data types, we therefore recommend to

primarily focus on a small interpretable model.

1 | Background

The healthcare field has witnessed a significant increase in avail-
able data. This opens new opportunities in predictive monitoring,
where the goal is to build early warning systems that signal
health crises [1-3]. These methods can inform policymakers
and enable early interventions on an individual level, therefore
containing severe effects as much as possible. To work with
large volumes of information, clinical researchers have started
testing the feasibility of using machine learning (ML) methods
for medical prediction modeling (see, e.g., [4-7]). Despite the
significant progress that has been made in research, the appli-

cation of ML in clinical settings continues to be a subject of
debate. It has been suggested that the improvement in predictive
performance is marginal when tabular data are used [8], and
the lack of interpretability may pose an issue in high-stakes
settings [9, 10]. Monitoring psychiatric disorders in such patient
populations is especially challenging. First of all, the outcome
cannot be observed explicitly; while conditions like hypertension
are directly measurable, mental health issues such as depressive
disorders require supplemental information. Second, the group
to be monitored can become quite large due to the high lifetime
prevalence of mental disorders in the population, requiring easily
accessible data to monitor patients at a realistic cost.
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Depression is among the most prevalent mental health disorders,
with a lifetime risk estimated to exceed 10% [11, 12]. Microsimu-
lation model-based research suggests that the actual prevalence
may be even higher [13]. Previous studies have shown that
individuals diagnosed with depression are often rediagnosed with
the condition at a later point in time [14]; therefore, it has been
suggested that preventative treatments should be incorporated
into the long-term treatment plan [15]. Knowing who is at high
risk of relapse can help healthcare professionals follow up on
patients and intervene as soon as possible.

In the current study, we explore the potential of readily available
administrative data to monitor the risk of relapsing back into
depression treatment. Using a unique administrative dataset con-
taining information about individuals registered in the Nether-
lands, we focus on the integration of treatment information and
social factors within complex models, contrasting the results
against a small, interpretable, unregularized regression model
using a limited subset of variables.

This paper is structured as follows: First, we give an introduction
to depression and describe a number of important predictors for
depression relapse as identified from the clinical literature (Sec-
tion 2). We give an introduction to the data (Section 3.1) and the
different models included in our comparison (Section 3.2). In the
next sections, we compare (Section 5) and discuss (Sections 6.1-
6.3) the performances of the regression and ML models, and
finally provide recommendations aiding the future development
of large-scale depression monitoring methods (Section 6.4).

2 | Clinical Background: Depression

Depression is a mood condition characterized by persistent feel-
ings of sadness, hopelessness, and a lack of interest in activities
that the person normally enjoys. It is often accompanied by a
number of psychiatric comorbidities, including anxiety disorders
and substance use disorder [16, 17]. Next to the psychological
impact, patients may also experience symptoms such as sleeping
issues, changes in appetite, and impaired cognition [18]. This can
have a significant impact on a person’s daily life, including their
ability to work, study, and engage in social activities. While the
exact mechanism underlying risk factors for depression is not
fully understood, it is believed to be caused by a combination of
genetic [19], environmental [20], and psychological factors [21,
22].In addition, research has investigated the association between
depression and the probability of developing a number of other
medical conditions, such as cardiovascular disease [22].

There are several factors that can lead to an elevated risk
of developing depression. Previous research has examined a
number of indicators including, for instance, adverse events
in childhood, residual depressive symptoms, comorbid anxiety,
the number of previous depressed episodes, the severity of
the depressed episode, and the use of antidepressants [22-26].
Treatment depends on the severity of symptoms, but is often
based on a combination of medication, such as selective serotonin
reuptake inhibitors (SSRIs), and psychological approaches (e.g.,
cognitive behavioral therapy) [22, 27-29]. Untreated, depression
can lead to serious complications, including an increased risk of
suicide [30].

3 | Methodology

In this section, we describe the dataset, the models, and the
evaluation metrics.

3.1 | Dataset Description

3.1.0.1 | Sample. We use an administrative dataset provided
by Statistics Netherlands containing information about residents
in the Netherlands collected in the period from 2013 up to (and
including) 2016. From the initial dataset, we extract individuals
who are diagnosed with depression (main diagnosis) and enter
treatment at any point in 2013 (N = 106,067).

Due to computational restrictions, we take a random sample of
30,000 individuals from this group. The mean duration of an
individual treatment trajectory registered in 2013 is 264.53 days
(SD =120.72). We exclude 981 individuals below the age of 18 from
this sample. The mean age is 47.13 years (SD = 16.05), and 61.97%
of the individuals are female (calculated in January 2013). We
create a panel dataset where each row equals an observation for
person i at time t. Each row represents a 1 month period, resulting
in 48 rows per individual. We extract data for patient monitoring
at six different time points ¢ with equal spacing: In January 2014
(t = 1), May 2014 (t = 2), September 2014 (t = 3), January 2015
(t = 4), May 2015 (t = 5), and September 2015 (¢t = 6). We only
include individuals who are not in a treatment trajectory for the
main diagnosis depression at time point ¢. The final sample sizes
can be found in Figure 1.

3.1.0.2 | Outcome variable. In the current study, we are
interested in the probability of an individual experiencing a
depression relapse, which we define as starting a new treatment
for depression (main diagnosis) within 12 months after ending
the previous depression treatment.! We base the categorization
of being in or out of treatment on the treatment trajectory
information available in our administrative data. These data
contain information about a person’s diagnoses and treatment.
From this information, we define the outcome y; (depression
relapse) as follows: We code a treatment as a ‘new treatment’
when at least 1 month is registered in between two treatment
trajectories. If a new treatment for depression is opened at any
point within the next 12 months from time ¢ onwards (i.e., the
person is in treatment for depression again), we register this as
a “relapse”. If a patient commits suicide within those 12 months,
this is also coded as a relapse. The percentage of cases (individuals
entering a new treatment trajectory in the next 12 months) differs
between time points (t = 1:5.48%;t = 2:5.96%;t = 3:5.84%;t = 4:
511%; t = 5: 4.21%; t = 6: 3.75%).

3.1.0.3 | Predictors. Predictors used in the current study
are related to the individual’s health status (e.g., healthcare
activity, medication prescriptions from the pharmacy, anxiety
disorders and other conditions as side diagnosis), as well as
social and demographic information (e.g., age, sex, income and
benefits, employment situation, whether the individual has been
registered with a crime). We sum up the number of hours a
patient spends in a particular treatment activity per 6 and per
12 months as we are interested in predicting relapse 12 months
ahead, and to strike a balance between limiting the number of
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FIGURE 1 | Visual description of the repeated samples in the current study.

variables and still capturing enough past information. Note that
the healthcare activities are not restricted to mental healthcare
but may also include other types of healthcare; this is used as
auxiliary information relating to general health indicators. If
the care provided is comprised of days spent in a facility, we
do not register the activities in terms of the hours spent in
the treatment activity but in terms of days spent at the facility.
Furthermore, some information is only available on a yearly
basis (i.e., medication-related variables, income- and debt-related
variables, crime-related variables, insurance information); to
avoid leakage of future information, we use information from the
past year for those variables. For treatment variables, we remove
duplicate entries (i.e., if two treatments of the same type are
registered on the same day for the same patient) (Table 1).

3.2 | Models and Evaluation Metrics

A number of different models are fitted to the data. We predict the
risk of depression relapse using regression models (regularized
and unregularized) as well as XGBoost. For the regression models,
we include the following methods: unregularized simple logistic
regression (SR)?, Ridge logistic regression, and Lasso logistic
regression. The unregularized logistic regression models serve
as a baseline for comparison with the other models, which
are able to handle the potential multicollinearity resulting from
the large number of available predictors. As regression models
require imputation for missingness, we impute the mean value

TABLE 1 | Summary of predictor categories and their respective data

lookback periods.
Variable
category Data inclusion/Lookback period
Medication Only previous year included
Treatment Hours/Days: Current month, sum last 6

months, sum last 12 months

Income, benefits,
crime

Only previous year included

Indicator current month, indicator last 6
months, indicator last 12 months

Side diagnosis

for numerical variables and the mode for factors. The estimation
of the mean/mode is based on the training set and subsequently
used for imputation in both the training and test set. We choose
XGBoost as an effective and scalable ML algorithm [32] which has
also proven its use in the analysis of depression [33].

Before internal validation but after selecting individuals as
described in the previous section, we exclude predictors where
all values are the same. Therefore, the samples between time
points have differing numbers of predictors (number of predictors
pred per time point ¢ after this exclusion: pred,, = 899, pred,,
= 1024, pred,, = 1003, pred,, = 942, pred,, = 861, pred,, = 822).
Following these steps, we fit the models and perform internal
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validation using four-fold cross-validation (CV), stratifying on the
outcome variable to ensure an approximately equal proportion
of cases and controls across folds. We keep the data splits for
CV across models constant. As the individuals monitored differ
between time points due to not including individuals currently
in treatment, we mainly focus on comparing the models per time
point with each other instead of focusing on the between-time
point outcomes.

3.2.1 | Models

3.2.1.1 | Unregularized logistic regression. To fit a simple
unregularized logistic regression model, we include only a subset
of the variables. We test models containing variables about sex,
age, income, medication® (antidepressants yes/no, number of
other nervous system medications, number of other medications
as an indicator of general health), measures of estimated depres-
sion severity (i.e., (i) number of previous treatment trajectories,
(ii) number of months associated with last depression treatment
trajectory) and whether the patient has been registered with a side
diagnosis for anxiety during one of their depression trajectories
in the past 12 months. Furthermore, we include a predictor
on the number of months since the last depression treatment
trajectory concluded. To reduce the number of predictors further,
we perform backwards selection on an independent training
(IT) set (excluding 1007 individuals below the age of 18) to
avoid overlap (i.e., not including any individuals who are in the
datasets used for model training at a later stage). We perform the
backwards selection on a subset taken at t =1 (n;; = 7173). The
predictors identified from this procedure are then used as model
input in the original sample. More details about these models can
be found in Appendix B.

3.2.1.2 | Regularized logistic regression. To be able to
include not just a subset, but all available predictors in the
model we additionally fit logistic Ridge [34] and Lasso [35]
regression models. Both models work by imposing a penalty on
the regression coefficients. Ridge logistic regression uses the L2
penalty, while Lasso logistic regression uses the L1 penalty. The
L1 penalty in Lasso logistic regression can shrink coefficients
to 0, and therefore the model automatically performs variable
selection. For both models, a penalty parameter 4 determines the
amount of shrinking and is chosen with 10-fold CV in this study,
using minimal deviance as a performance criterion [36].

3.2.1.3 | XGBoost. XGBoost [32] is a gradient boosting algo-
rithm using decision trees where new trees are built using the
pseudo-residuals of the previously fitted tree to correct the prior
error. We use the following tuned parameters: the regularization
parameters A (L2 regularization) and o (L1 regularization), the
learning rate 7, and the maximum tree depth y. Due to compu-
tational restrictions, we only test 20 combinations of parameters
during tuning with random search in mlr [37].

3.2.2 | Evaluation Metrics

In the current study, we use three different types of performance
evaluation measures: (i) discrimination, (ii) prediction error, and
(iii) calibration. To assess the models’ discriminative ability, we

calculate the AUC. In addition, we compute sensitivity and
specificity. To compare the prediction error between models, we
calculate the Brier score. We assess calibration performance by
calculating the calibration slope (CS). In all cases, we compute the
metrics on the test set using the model fitted on the training set.
As mentioned above, internal validation is performed by means
of four-fold CV.

Let TP denote true positives, FP false positives, TN
true negatives, and FN false negatives. Let th denote
the threshold chosen to separate classes. For sensitivity
and specificity, we test the thresholds included in
th € {0.01,0.02,0.03,0.04, 0.05,0.06,0.07,0.08,0.09}. For the
Brier score, p; describes the probability of depression relapse
within the next 12 months for person i, and y; describes
whether individual i will experience a depression relapse
within the next 12 months (binary; yes/no) at time point t.
Sensitivity, specificity, and the Brier score are then defined
as follows:

o TP(th)
= 5 1
Sensitivity =~ o ) L ENGR) €))

o s TN(th)
S f = -] 2
pecticlty = 7N (th) + FP(th) @

. DR S PR

Brier score = - i=§1 (pi =y 3

To assess model calibration, we examine the CS, due to it being
a useful measure for internal validation [38]. As pointed out by
Van Calster et al. [39], calibration-in-the-large is only relevant at
external validation, which is not the focus of the current study
and therefore not computed. The CS captures the spread of the
risks, and shows whether the estimated risk is too extreme or not
extreme enough. When the CS is estimated at <1, this means that
the risk is estimated too high for samples that are at higher risk,
and too low for samples that are at lower risk. When the opposite
occurs (i.e., CS > 1), this indicates that the spread of risks is too
narrow. Models with “perfect calibration” would yield a slope b,
equal to 1 [39]. To obtain the CS, we fit a logistic regression model

logit(P(Y =1)) = b, + b;p LP, )

where LP indicates the linear predictor.

4 | Software

The analyses are performed in R (version 4.4) [40]. For regression
models, we use glm and glmnet [36]. As a modeling framework
for the XGBoost models, we use mlr [37]. For data preparation
and CV, as well as further analyses, we use tidyverse [41], caret
[42], runner [43], pROC [44], and haven [45].

5 | Results

In the paragraphs below, we discuss the results.
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TABLE 2 | AUQC, Brier score, and calibration slopes for Simple unregularized regression (SR), Lasso regression (LAS), Ridge regression (RID), and

XGBoost (XGB).
t AUCgqy AUC s AUCyy AUCxgg Briersyg Briery,s Brieryy Brierygg CSsg CSias CSrin  CSxgs
1 0.659 0.645 0.612 0.655 0.051 0.052 0.052 0.052 0.979 1.562 0.977  0.778
2 0.661 0.662 0.645 0.671 0.055 0.055 0.056 0.055 0.991 1326 0960  1.083
3 0.643 0.656 0.633 0.655 0.054 0.054 0.055 0.054 0.989 1.202 0.917 0.774
4 0.653 0.653 0.636 0.659 0.048 0.048 0.048 0.048 0.988 1.248 0.961 0.956
5  0.649 0.649 0.620 0.621 0.040 0.040 0.040 0.040 0.995 1.788 1986  0.644
6  0.654 0.652 0.634 0.634 0.036 0.036 0.036 0.036 0.987 1.354 1.181 0.732

5.0.0.1 | AUC. In this study, Lasso logistic regression models
outperform Ridge logistic regression in terms of the AUC (mean
AUC for Lasso: AUC} 45 = 0.653; mean AUC for Ridge: AUCy,p
= 0.63; Table 2). The performance of the Lasso models is very
close to that of the unregularized regression models (mean AUC
SR: AUCg; = 0.653; Table 2). On average, XGBoost models
demonstrate slightly lower performance than Lasso regression
(mean AUC for XGBoost: AUCysp = 0.649; Table 2). Brier scores
are nearly identical across the four model types at each time point,
with a maximum difference of Brier,,,4; 7y = 0.001 (e.g., between
XGBoost and Ridge at ¢t = 2; Table 2). A separation between cases
and controls is evident in most empirical cumulative distribution
functions (ecdfs), with the most visible shifts in central tendency
observed for SR and XGBoost models (Figure 2).

5.0.0.2 | Calibration slope. The unregularized regression
models have a mean CS close to 1 (mean CS: CSg; = 0.988; range
= 0.979-0.995). Lasso logistic regression, by contrast, shows a
mean CS above 1 (mean CS: CS; 45 = 1.413; range = 1.202-1.788),
suggesting that the predicted risks are generally too narrow. Ridge
logistic regression demonstrates a less consistent pattern, with
CSs ranging from 0.917 to 1.986 and a mean CS across time points
of CSg;p = 1.164, which is closer to 1 than that of Lasso. XGBoost
models, on the other hand, mostly have CSs below 1 (mean CS:
CSxgp = 0.828; range = 0.644-1.083), indicating that the predicted
probabilities tend to be overly extreme, with low probabilities
being underestimated and high probabilities being overestimated
(Table 2).

5.0.0.3 | Sensitivity and specificity. We calculate results
for a range of thresholds (threshold range = 0.01-0.09). To
illustrate the dependencies, consider the following example:
Achieving a specificity above 0.7 across all models and time points
in this study requires setting a threshold of th = 0.08, while
achieving a sensitivity of over 0.7 would allow a maximum thresh-
old of th = 0.02. As expected, sensitivity decreases within models
as the threshold increases, while specificity generally shows the
opposite trend, increasing with higher thresholds. To sum up a
general pattern, we can see the influence of the threshold choice
in terms of the calculated sensitivity and specificity: The strength
in difference between the models depends on the cutoff chosen.
For instance, at time points t =1, t = 3, and t = 5, we see that the
XGBoost models have a higher specificity than the other models,
in particular for lower thresholds (e.g., difference: specy; s = 0.185
at t =1 and th = 0.02 between XGBoost and SR). For Ridge
regression, we mostly observe a lower average sensitivity than for

the other models, which is visible at higher threshold values but
not at lower thresholds (Table 3).

5.0.0.4 | Threshold choices. In thissection, we further elab-
orate on thresholds. The threshold choices made in practice can
reflect a number of different points, and are highly dependent
on the application. While one application may, for instance, be
associated with a very high cost of missing a case (e.g., not detect-
ing a malignant tumor), this might not be the focus in another
situation. To provide some examples on potential decision paths
in the current example, we split this section into two parts: First
of all, we demonstrate how capacity considerations can guide
threshold choices. Second, we highlight the differences in relative
model performances based on the thresholds (see also Section 5
“Sensitivity and Specificity”) and set this in the context of the
current case study.

Threshold based on capacity. One factor that can inform the
selection of a final classification threshold is capacity, such as
the availability of follow-up appointments. First of all, recall that
TP, FP, TN, and FN, as well as related performance metrics,
such as sensitivity and specificity, are all functions of the chosen
threshold th (Figure 3). In scenarios where the cost of a false
positive is relatively small (e.g., if interventions following a
positive signal are nonintrusive and nonexpensive), one may
choose the threshold based on capacity. Specifically, this can be
reduced to

FP(th) + TP(th) =C, ®)
where C indicates the available capacity for interventions.

As seen in Equation (5), the focus is centered on the individuals
classified as positives: For example, assuming a follow-up capac-
ity of 2000 patients, the corresponding threshold for the Lasso
model at time point 6 would be between 0.05 and 0.06 (or higher),
whereas for the XGBoost model, it would be chosen as between
0.07 and 0.08 or higher (Figure 4).

Threshold based on performance metric. Alternatively, one can
choose the threshold tailored to a specific performance metric.
For example, von Stackelberg et al. [46] show how a threshold
could be chosen to obtain a specified false positive rate. This is
beneficial if the cost of intervention is high (e.g., if positive signals
are followed by an intrusive or expensive treatment). Similarly,
the threshold can be chosen based on any other specified metric,
such as the sensitivity or specificity. In the following paragraph,
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FIGURE 2 | Empirical cumulative distribution function plots for all time points and models. Note: The two curves show the actual outcomes—that

is, the true group membership per individual.

we therefore elaborate on the consequences of threshold choices
for sensitivity and specificity in our case study.

As an illustrative example to show the dependence of the relative
model performance on thresholds, consider patients monitored at
time point 6 with a chosen threshold of 0.03 or 0.07. Naturally, set-
ting the threshold lower to obtain a higher sensitivity will result
in a higher false positive rate, while increasing the threshold to
maximize the specificity will lead to a higher false negative rate.
In a sample of 1000 patients, with 3.75% being true cases, this
corresponds to about 38 individuals who actually experience a
relapse and 962 who do not.

At a classification threshold of 0.03, XGBoost achieves a sensi-
tivity of 0.691, correctly identifying 26 of 38 true relapse cases
among the 1000 individuals, while missing 12 (false negatives).
Lasso regression shows higher sensitivity (0.817), detecting 31 true
positives and missing only seven. Among the 962 true non-relapse
individuals, XGBoost’s specificity of 0.50 results in 481 true
negatives and 481 false positives, whereas Lasso’s lower specificity
(0.377) results in 363 true negatives and 599 false positives—
indicating more unnecessary follow-ups than for XGBoost but
better detection of cases.

When the threshold increases to 0.07, the comparative model
behavior shifts. XGBoost’s sensitivity drops to 0.22 (eight true
positives, 30 positives missed), while Lasso’s decreases to 0.045
(two true positives, 36 positives missed). For non-relapse individ-
uals, XGBoost reaches a specificity of 0.9 (866 true negatives, 96
false positives), and Lasso achieves a specificity of 0.983 (946 true
negatives, 16 false positives). Overall, increasing the threshold
improves overall specificity but substantially reduces sensitivity
in these examples. While Lasso outperforms XGBoost at a lower
threshold with respect to model sensitivity, this changes at a
higher threshold. The opposite occurs for specificity, highlighting
that it is not possible to arrive at a firm conclusion about the
superiority of one model over another with respect to these
two metrics.

5.1 | Variable Importance XGBoost

In this section, we present the 10 most important variables
identified by the XGBoost algorithm, based on the mean vari-
able importance calculated across the four CV folds. At most
time points, the most influential features consistently include
medication information, the duration of the previous treatment
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previous year (n.sys., nervous system medication; not n.sys., other types of medication); side diag x, side diagnosis number x. Variable total income does

not include income insurance premiums.

trajectory, and the number of months since the previous treat-
ment trajectory concluded. Notably, several variables identified
as highly important by XGBoost overlap with those selected
beforehand for the unregularized regression models. Some vari-
ables not included in the SR models but ranked among the
top 10 features in XGBoost models include treatment details
(e.g., pharmacotherapy) and information on benefits received
(Figure 5).

6 | Discussion and Conclusion

In this paper, we study the suitability of using routinely collected
data from administrative databases for predictive monitoring
of depression relapse. To investigate this problem, we use a
large nonpublic dataset from the Netherlands. It is important
to note that this study is not intended to bring forward a new
prediction model for depression relapse, but rather to assess the
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potential of using administrative information for this specific
monitoring problem. Below, we summarize the main results and
provide recommendations for future developments of monitoring
methods for depression relapse using routinely collected data.

6.1 | Model Performances

We observe that in our data, an unregularized regression model
(SR) yields results in the same range as those produced by
more complex models. Among the regularized regression models,
Lasso logistic regression has a slight advantage over Ridge logistic
regression, as evidenced by differences in the AUC ranging
from 0.017 to 0.033. The complexity of models increases with
the number of predictors used, with regularized regression and
XGBoost using over 800 predictors, while the simpler unregu-
larized regression model is fitted using fewer than 10 predictors.
Considering interpretability, while a marginal increase in AUC
is observed at some time points for XGBoost (AUC difference
between XGB and SR at t =3: AUCy; sy = 0.012; Table 2) and Lasso
logistic regression (AUC difference between Lasso regression and
SR at t = 3: AUC;;; = 0.013; Table 2), this improvement comes
at the cost of a significantly increased number of parameters
in the model. This should be considered in the context of the
highest feature importances derived from the XGBoost models,
which show that many extracted predictors align with the a priori
decisions made for the simpler models in the current study.

Furthermore, the complex models show signs of requiring
recalibration, with XGBoost mostly calculating probabilities that
are too extreme (i.e., CSs mostly below 1; Table 2) and Lasso
calculating probabilities that are not extreme enough (i.e., CSs
mostly above 1; Table 2). This indicates overfitting of the XGBoost
model, while pointing to underfitting of the Lasso model in this
study. Our results show that the choice of threshold influences the
relationship between different models in terms of the calculated
sensitivity and specificity. As Wynants et al. [47] point out,
a risk threshold should therefore consider the clinical context
and a model may be validated for multiple thresholds to reflect
such changes.

6.2 | Supplementing Smartphone and Clinical
Data

Other research on depression prediction often utilizes test and
self-report data, either in the form of assessments done in a
clinical setting, or by implementing a study based on experience
sampling methodology (ESM; see, e.g., [48, 49]). With ESM data,
the patients receive a survey to assess their mental states at several
points (e.g., on their smartphone), which can give clinicians
an idea of, for instance, symptom fluctuations. For example,
Snippe et al. [50] use ESM in combination with control charts
(EWMA) to monitor depression recurrence, and Klein et al.
[24] use structured clinical interviews in a sample of remitted
recurrently depressed participants. It should be emphasized that
we do not think that purely administrative data as used in the
current study can fully replace such other information. However,
based on the results obtained, we believe that there are avenues
for future research into combining clinical or ESM data with
routinely collected information as used in this study, due to its

comparable objectivity as well as cost efficiency. Our results also
underline that depression relapse is a difficult subject that is hard
to predict; therefore, more research is needed to understand the
dynamics of depressive disorders which can be done in a more
controlled setting.

6.3 | Limitations

6.3.0.1 | Using administrative data. There is a trade-off
between the general usefulness of a dataset across situations
and how tailored it is to a specific condition. Since we use
administrative information, the relapse definition differs from
the concept in the clinical literature as we base our outcome on
the treatment trajectory start and end dates instead of having
direct access to psychiatric assessments. Therefore, our data are
less tailored to the clinical picture of relapses as presented in the
psychiatric literature, but rather describe the risk of ending up
back in treatment as defined by administrative definitions. For
instance, patients who do not register as back in treatment but
fit the clinical picture of depression are not included in our pre-
dictions, as no self-report data are included. Particular decisions
in the data preparation stage for this study, such as removing
overlapping treatments, might also influence the outcome. Some
relevant information (e.g., on medication) may furthermore lack
granularity which could affect predictive performance because
fluctuations throughout the year are not visible due to aggregation
in the database. It should be emphasized that in this study,
we focus on individuals who start treatment in 2013 and then
monitor the predicted probability for individuals not in treatment
attime point t. The mean individual treatment trajectory duration
exceeds 6 months, and therefore, many patients monitored at ¢t =
1are individuals who have a shorter treatment trajectory and may
be associated with other (unmeasured) characteristics. As the
treatment trajectories are kept open for a long time, future studies
may want to include more years than we do in the current paper.

6.3.0.2 | Model choices. In the current study, we compare
regression models with a ML method in a structured, tabular
dataset where most of the input is informed by previous studies on
depression prediction. Therefore, the rationale of this study is in
line with regression-based approaches where the main predictors
are known. In a less structured setting, it is comparatively likely
that a ML-based model such as XGBoost would outperform the
logistic regression models. Furthermore, models such as XGBoost
are dependent on hyperparameter tuning; it could be expected
that more extensive tuning may influence the performance of the
XGBoost models compared to the results presented in this paper.

6.4 | Recommendations for Practical
Implementations and Future Research

Based on our findings and experiences with the current case
study, we summarize and outline some central recommendations
for projects when researchers work on practical monitoring
methods for depression in future studies.

1. Privacy and ease of data collection: While some infor-
mation may have been shown to be clinically relevant, it
might not be accessible in practice due to access restrictions.
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For instance, previous research points out the influence of
adverse childhood events in depression relapse [51]. However,
events that take place during a patient’s youth and childhood
may underlie stricter privacy conditions in a database as in
the current case study, and may therefore not be available in
similar studies. Adding to this, data on previous traumatic
events may be more difficult to obtain in, for instance,
interview settings as some patients might be uncomfortable
sharing this information. In contrast, objective, available data
(e.g., the number of days spent in a hospital in the past
year) might not underlie the same strict privacy conditions.
Practically informed privacy considerations (see, e.g., [52])
should therefore influence applied research on depression
monitoring when choosing variables.

2. Interpretability and model building: Even though a
complex model can result in slightly better predictions,
practitioners and patients might prefer a less accurate pre-
diction that is based on a model with a higher degree of
interpretability and fewer variables. In the case studied in the
current paper, the simple unregularized logistic regression
model performs very similarly to a Lasso logistic regression
model, even though the Lasso model allows the inclusion of
much more detailed treatment information. While it should
be noted that in other examples such additional information
may carry more weight than in the current study, we believe
that model transparency should guide applied research on
mental health monitoring. Variables identified in previous
clinical research should form the first step when building a
large scale monitoring model that is intended to be used in
practice. Our current example demonstrates that more detail
in the treatment and social information does not necessarily
translate to significantly better predictive performances, and
that variables on, for instance, the severity of a mental health
condition can be indirectly derived and aggregated without
a complex model. Further research may therefore explore
using ML in a more “auxiliary” fashion for depression relapse
prediction; that is, to discover additional predictors beyond
what is already implemented in the simple regression model
and subsequently aggregate those predictors for testing and
usage in an interpretable small model.

6.5 | Conclusion

Depression relapse is a well-known problem among clinicians.
A meta-analysis conducted by Biesheuvel-Leliefeld et al. [15]
emphasize the need for preventative treatments in the context
of relapses, reinforcing the notion that depression can be viewed
as a chronic recurrent disorder [53]. In this light, we argue that
systematic monitoring of patients following the conclusion of
their treatment could enable early identification of individuals
who are at an elevated risk of relapse, and can therefore be used
as a tool in depression management.

In this paper, we assess the utility of using routinely collected
administrative data for this risk prediction task. Although solely
using administrative information as we have it lacks granularity
to predict depression treatment readmission on its own, this
study is a step towards large-scale monitoring for this issue by
pointing to opportunities as well as limitations in similar data.

Most importantly, our findings underline the value of careful
data collection and informed variable- and model selection.
In conclusion, we demonstrate that simpler models and data
can achieve predictions on roughly the same level as complex
models including a wide range of predictors, therefore supporting
the focus on small, interpretable models for practical depres-
sion relapse monitoring in routinely collected administrative
data.

Funding

The study has been supported by the A Sustainable Future (ASF) initiative
of the University of Amsterdam.

Data Availability Statement

The results are based on calculations by the authors using nonpublic
microdata from Statistics Netherlands. Article 41 of the CBS Act states that
Statistics Netherlands can give access to those data for scientific statistical
research. The data are not publicly available due to privacy or ethical
restrictions. For further information: microdata@cbs.nl.

Endnotes

I Note that in the psychiatric literature, relapse is frequently defined as a
return of the depressive episode before recovery, but following remission
[31]. Our definition in this study therefore differs as we base it on the
administrative information available.

2 Note: We do not use the term “simple logistic regression” in the sense that
there is only one independent variable, but instead use this expression
to describe that there is no regularization term.

3 Note: The information available concerned medication that was deliv-
ered by the pharmacy.
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Appendix A: Dataset

The following table (Table Al) shows some (fictional) example rows. Patient ID describes the individual identifier per person. Month shows the month
in the dataset (note that in the original data, every person has 48 months of information). Depression treatment describes whether a patient is currently
registered in a treatment trajectory for depression as a main diagnosis. Relapse describes whether the patient starts a new depression treatment trajectory
within the next 2 months. Do note that in the actual dataset, a relapse is registered looking at the next 12 months. We adjusted this here for readability.
Act 1 describes the number of minutes registered for healthcare activity number one for that month. Act 2 also calculates the number of minutes spent
in a particular treatment, but then for healthcare activity two. Income describes the income of the previous year, and Age shows the patient’s age in that
month. As described in the main text, we use this dataset to subset individuals based on the month of interest and other criteria to fit the models.

TABLE Al | Fictional example rows from the balanced panel data.

Patient ID Month Depression treatment trajectory Relapse Actl Act2 Income Age
1 1 0 1 0 0 40,000 38
1 2 0 1 0 0 40,000 38
1 3 1 — 40 0 40,000 38
1 4 1 — 120 10 40,000 38
1 5 1 — 0 0 40,000 38
2 1 0 0 0 0 29,000 23
2 2 0 0 0 0 29,000 23
2 3 0 1 0 0 29,000 23
2 4 0 1 0 0 29,000 23
2 5 1 — 20 0 29,000 24

Appendix B: Results of all Unregularized Regression Models

Below, we report the predictors contained in the regression models that are evaluated during the stepwise variable selection procedure, as well as
corresponding results (Table Bl). As can be seen below, the results roughly fall in the same range, so we focus on the results from the final model (SR 6)
in the main text.

1. SR 1: Age + Sex + Previous year primary income + Previous year ADM + Previous year ONM + Previous year OM + Anxiety side diagnosis in
treatment trajectory of last 12 months + Number of months since last treatment trajectory + Number of previous treatment trajectories + Length
previous treatment trajectory

2. SR 2: Age + Sex + Previous year ADM + Previous year ONM + Previous year OM + Anxiety side diagnosis in treatment trajectory of last 12 months
+ Number of months since last treatment trajectory + Number of previous treatment trajectories 4+ Length previous treatment trajectory

3. SR 3: Age + Sex + Previous year ADM + Previous year ONM + Previous year OM + Number of months since last treatment trajectory + Number of
previous treatment trajectories + Length previous treatment trajectory

4. SR 4: Age + Previous year ADM + Previous year ONM + Previous year OM + Number of months since last treatment trajectory + Number of
previous treatment trajectories + Length previous treatment trajectory

5. SR 5: Age + Previous year ADM + Previous year ONM + Number of months since last treatment trajectory + Number of previous treatment
trajectories + Length previous treatment trajectory

6. SR 6 (final predictor set as reported in the results in the main text): Age + Previous year ADM + Previous year ONM + Number of months since last
treatment trajectory + Number of previous treatment trajectories
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