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Abstract

The development of psychological assessment tools that accurately and efficiently classify
individuals as having or not a specific diagnosis is a major challenge for test developers and
mental health professionals. This paper shows how machine learning (ML) provides a valu-
able framework to improve the accuracy and efficiency of psychodiagnostic classifications.
The method is illustrated using an empirical example based on the Patient Health Ques-
tionnaire-9 (PHQ-9). The results show that, compared to traditional scorings of the PHQ-9,
that based on decision tree (DT) algorithms is more advantageous in terms of accuracy
and efficiency. In addition, the DT-based method facilitates the development of short test
forms and improves the diagnostic performance of the test by integrating external informa-
tion (e.g., demographic variables) into the scoring process. These findings suggest that DT-
algorithms and ML applications such as feature selection represent a valuable method for
supporting test developers and mental health professionals, and highlight the potential of
ML for advancing the field of psychological assessment.
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Developing psychological assessment tools that accurately classify individuals as having or not
having a specific diagnosis is one of the main challenges for test developers and mental health
professionals. To obtain accurate assessments, the administration of a large number of items is
often required. In these situations, respondents may feel annoyed and provide inaccurate answers
with a negative impact on the quality of the assessment. Thus, developing assessment tools that
consist only of the items that are most effective in classifying individuals is particularly useful.
Taking into account the specificities of respondents may also contribute to classification accu-
racy. This work aims to show how machine learning (ML) can provide a valuable framework for
developing psychodiagnostic tools that address all the aforementioned requirements.

ML has proved to be a precious resource in numerous fields, including healthcare, market-
ing, finance, and engineering (Dixon et al., 2020; Dzyabura & Yoganarasimhan, 2018; Reich,
1997; Sarker, 2021). Psychiatry and psychology, for instance, have recently started to use ML
classifiers to improve and facilitate the diagnostic process (see, .g., Dwyer et al., 2018; Pau-
lus & Thompson, 2021; Yarkoni & Westfall, 2017) and to refine psychological assessments
and psychometric instruments (Colledani et al., 2023; Gonzalez, 2021a, 2021b; Li, 2023;
Stewart et al., 2016). In this regard, some studies have shown that decision tree (DT) algo-
rithms can be used to develop effective testing procedures with good classification and diag-
nostic performance, and with an innovative approach that provides appealing clinical insight.
In particular, they allow scoring procedures that emphasize the importance of each individual
item (i.e., symptom) rather than relying solely on total test scores. It is worth noting that DT
algorithms can be applied to tests that classify respondents according to diagnostic criteria, as
well as to tests that estimate the respondent’s trait levels or the severity of a disease (Gibbons
et al., 2013; Yan et al., 2004). Moreover, DTs have been found to be an extremely valuable
resource for the development of both adaptive (i.e., computerized adaptive testing, CAT) and
static short versions of tests (Gonzalez, 2021b; Li, 2023; Stewart et al., 2016). In this regard,
some studies have compared the performance of DT-based CAT with that of traditional CAT
based on item response theory (IRT), the latter being a well-known framework that has been
widely and successfully used in clinical and educational settings to develop adaptive tests (De
Beurs et al., 2014; Eggen & Straetmans, 2000; Fliege et al., 2005; Moore et al., 2018; Tseng,
2016; Van der Linden & Glas, 2000). In general, IRT-based CAT has been shown to be effec-
tive in estimating the trait levels of examinees while ensuring considerable assessment effi-
ciency (Brown & Weiss, 1977; Gibbons et al., 2008). However, recent research has shown
that DT-based CAT can be even more efficient and accurate in classifying respondents than
IRT-based CAT, and this makes it particularly valuable in diagnostic assessment (Delgado-
Gomez et al., 2016, 2019; Lopez-Castroman et al., 2016; Michel et al., 2018; Ueno & Song-
muang, 2010; Zheng et al., 2020). Furthermore, the DT approach offers several significant
advantages over IRT. In fact, unlike DT methods, IRT relies on fundamental assumptions
such as unidimensionality, local independence, and monotonicity, which may not hold for all
real-world datasets. In this regard, some authors have argued that DT-based CAT may outper-
form IRT-based CAT, especially when the assumptions of IRT are not met (Gonzalez, 2021a;
Michel et al., 2018; Riley et al., 2011; Ueno & Songmuang, 2010).

This work aims to demonstrate how the use of DT classifiers and ML-based methods
in common psychological tests can contribute to the development of shorter, yet highly
accurate assessment instruments. This work provides a novel contribution by illustrating
how the flexibility of the method allows individual differences to be easily incorporated
into the assessment process, resulting in an assessment that is personalized (and therefore
more efficient and accurate) to a degree that would be difficult to achieve with traditional
methods. This contribution highlights a relevant aspect in psychodiagnostic testing, which
has not been previously explored, even if it can greatly improve the assessment process.
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The next section describes the DT approach to testing and its advantageous features.
The results of applying the method to real psychodiagnostic data are then presented. In par-
ticular, it is shown how ML-DT classifiers can be used to develop scoring algorithms that
take into account not only the information derived from item responses, but also the infor-
mation derived from individual variables (i.e., gender and age), thereby enabling highly
personalized, accurate and efficient scoring procedures. It is also shown how the combined
use of DT and feature selection can increase the efficiency of the assessment without com-
promising its accuracy. Implications for theory and practice and suggestions for future
research directions conclude the argumentation.

Decision Trees in Psychological Testing

ML classifiers are algorithms that aim to predict the class (i.e., a discrete output variable)
of a specific data point starting from a set of input variables (predictors). In the diagnostic
field, they can be used to learn a classification function capable of predicting the clinical
status of an individual (diagnosis vs. non-diagnosis) based on a set of relevant observed
attributes, such as the results of specific clinical tests or other individual characteristics
(e.g., age, gender, ethnicity). Typically, ML algorithms develop the classification function
on one part of the dataset (the training dataset) and evaluate its predictive performance on
a different part of the dataset (the test dataset; Mahesh, 2020; Yarkoni & Westfall, 2017).
The predictors and the class variable are present in both datasets.

Although several ML classifier algorithms are available (e.g., decision tree, random for-
est, support vector machine, and naive Bayes), decision trees (DTs) are probably the most
widely used in the clinical field. They are appreciated for their accuracy in the classifica-
tion task and because, compared to other methods, they produce rules that are more under-
standable and capable of clearly indicating the role and importance of each variable in the
prediction (Higa, 2018; Zhao & Zhang, 2008).

DT algorithms employ a top-down approach to create a set of “if-else” rules by
using a recursive “divide-and-conquer” process (Breiman et al., 1984). In the first step,
the algorithms select the attribute (i.e., the test item) to be placed at the root of the
tree, which is then divided into branches. The root node includes the entire dataset
and serves as the starting point for the classification algorithm. Typically, the attribute
selected for the root is the one that leads to the purest node, that is, the attribute that
divides the sample into subsets consisting of instances (i.e., individuals being evalu-
ated) with the same classification (Witten et al., 2017). The selection process for the
root node and subsequent nodes is based on the information gain, which measures the
amount of information a variable provides relative to the class variable being predicted
(Criminisi et al., 2012; Gupta et al., 2017).

After having defined the root node, DT algorithms develop the rules for growing the
branches. A branch is a chain of nodes from the root to a leaf (i.c., the end of a branch,
where the classification ends), with nodes being specific attribute variables. At each node,
the instances are divided into branches (e.g., subsamples of individuals) based on the
values assumed by the variable that constitutes the node itself (e.g., the score to the item
that constitutes a node). This process continues recursively, with instances progressively
distributed across branches according to rules aimed at generating subsets containing
instances with the same classification relative to the class variable. For nominal attributes,
the number of branches is equal to the number of possible attribute values. For numerical
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variables, the algorithm searches for the value of the attribute (e.g., score <1 or> 1) that
allows the instances to be divided into subsets that are as similar as possible relative to
the class variable (Witten et al., 2017). Branch development proceeds recursively through
the “divide-and-conquer” process until all instances have the same classification or further
splitting does not improve classification accuracy.

In psychodiagnostic testing based on DTs, a branch from the root to a leaf can be con-
ceptualized as a sequence of items, which develops based on particular responses to them
and allows for classifying individuals as having or not having a diagnosis. DTs constitute
a useful means to create accurate scoring algorithms with an appealing diagnostic value
(Colledani et al., 2023). In addition, DT-based assessments are usually more efficient than
traditional ones. In fact, by following the sequence of items (nodes) suggested by the DT
structure, it is possible to design adaptive testing procedures (DT-based CAT) capable of
classifying individuals based on their responses to a reduced set of items. This is achieved
by presenting individuals with only those items that belong to the branch in which they
ultimately fall based on the responses they progressively provide (Delgado-Gomez et al.,
2016, 2019; Lopez-Castroman et al., 2016; Michel et al., 2018; Ueno & Songmuang, 2010;
Zheng et al., 2020).

A further interesting aspect of DT algorithms is the possibility of simultaneously and
profitably handling variables of different nature. This feature is very useful in the field of
testing where, in order to improve the assessment, it is often advisable to control for the
effect of individual variables external to the test, such as gender, age, or specific psychiat-
ric conditions (e.g., Colledani, 2018; Colledani et al., 2018, 2019, 2022; Hamilton, 1999;
Vandenberg & Lance, 2000). ML classifiers allow for including these variables in the algo-
rithm very easily. In particular, the variables are entered into the chain of nodes of specific
branches if they contribute to increasing classification accuracy. For instance, the variable
gender could be inserted at a specific position in a branch formed by a chain of items, lead-
ing to the development of different pathways to accurately classify males and females (i.e.,
the branch splits into two branches that suggest considering different items for males and
females).

ML classifiers allow feature selection, an application that selects the most useful subset
of items to be used for classification. In general, DT algorithms aim to choose the most
promising attributes to place at each node. Although these algorithms are expected not to
select useless attributes, such attributes can sometimes be inserted into the tree after the
best ones have already been inserted. Intuitively, one could expect that having more attrib-
utes should always lead to a higher discriminating power. However, it has been shown that,
in some cases, the presence of irrelevant or non-informative attributes in the dataset can be
confusing for instance-based ML algorithms, such as DTs (Witten et al., 2017). By elimi-
nating useless attributes (or items), feature selection helps to improve the performance of
the learning algorithm (Karabulut et al., 2012) and, consequently, accuracy and efficiency.
Furthermore, it leads to smaller and more easily interpretable trees (Novakovi¢ et al.,
2011). Relevant attributes can be manually selected before the learning process starts. This
feature selection procedure is called the filter method and can be very effective (Witten
et al., 2017). However, there are also automatic and highly efficient methods (Kohavi &
John, 1997), which are called wrapper methods because the selection process is embed-
ded in the learning algorithm (Caruana & Freitag, 1994; John et al., 1994; Langley, &
Sage, 1994). Wrapper methods systematically analyze all combinations (all pairs, triplets,
etc.) of attributes in order to isolate the particular combination that maximizes prediction
accuracy. Wrapper methods examine the effect of omitting or including different attributes
in relation to the accuracy of the predictions that can be obtained with a specific algorithm.
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If an attribute makes a significant difference to prediction accuracy, it is considered a high-
quality attribute and is selected for inclusion (Witten et al., 2017).

In the field of psychological testing, feature selection can be used to create shorter ver-
sions of tests. Indeed, this approach can facilitate the identification of the subset of items
that is most informative for classification purposes (as in DTs) or for predicting the scores
that would be obtained by responding to the full set of items (as in regression or model
trees). Abbreviated tests created using ML algorithms and feature selection procedures
have been shown to be extremely effective at approximating the scores obtained on their
full-length versions (Gonzalez, 2021b). For diagnostic purposes, however, accurate clas-
sifications are probably more critical than accurate estimates of test scores. DTs have been
shown to be a promising approach for making accurate and efficient psychodiagnostic clas-
sifications (Colledani et al., 2023; Gibbons et al., 2013). Therefore, it is worth exploring
whether DTs combined with feature selection procedures can allow the development of
shortened tests that are accurate in respondent classification (rather than in score estima-
tion) while achieving even greater efficiency. This aspect has not been explored in previous
research and is considered in the present work.

Method
Participants

Data were obtained from the public repository FigShare (Doi et al., 2018; Ito et al., 2015).
The dataset includes responses from 2,830 Japanese individuals (mean age=42.44,
SD=10.39; 1,283 males) and is part of a larger study on psychopathology and emotion in
the Japanese population. Participants were all at least 18 years of age and were recruited
via a web-based survey based on a large panel of more than 1 million individuals, which
included 389,265 individuals identified as “disease panelists” by annual self-report of cur-
rent or past diagnosis of a disease. The sample of 2,830 individuals was randomly selected
from the larger panel to ensure representation of different ages, genders, and geographical
locations (this was done for both disease and non-disease panelists). Participants completed
measures of mental health, including the Japanese version (Muramatsu et al., 2007) of the
Patient Health Questionnaire-9 (PHQ-9; Kroenke et al., 2001). Furthermore, they provided
some demographic information (e.g., age, gender, area of residence) and indicated whether
they were currently or had previously been diagnosed and treated for any psychiatric dis-
orders (i.e., Major Depressive Disorder — MDD; Social Anxiety Disorder — SAD; Panic
Disorder — PD; Obsessive—Compulsive Disorder — OCD; and/or other disorders).

The dataset analyzed in this work is a subsample of 2,205 individuals (mean age =42.65,
SD=10.51; 1,023 males) who were selected according to a single eligibility criterion,
namely reporting being currently diagnosed with and treated for MDD in a medical set-
ting or reporting not being currently diagnosed with and treated for psychiatric disorders
in a medical setting. In the following, the former will be referred to as MDD individuals,
the latter as nonclinical individuals. The sample included 1,042 MDD individuals (MDD
N=406; MDD-SAD N=95; MDD-PD N=127; MDD-OCD N=100; MDD-PD-OCD
N=52; MDD-PD-SAD N=51; MDD-SAD-OCD N=55; MDD-PD-SAD-OCD N=156)
and 1,163 nonclinical individuals. The 625 people who reported being diagnosed with or
treated for psychiatric disorders other than depression were not included in the analyzed
sample to reduce noise (Uguz, 2011).
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Measures

The PHQ-9 (Kroenke et al., 2001) is one of the most used instruments for screening and
diagnosing MDD (Costantini et al., 2021). It comprises nine items that cover the nine
diagnostic criteria for major depression in the DSM-IV and asks respondents to evalu-
ate the frequency with which they experienced the described symptoms over the last two
weeks (4-point scale from O “not at all” to 3 “nearly every day”). The instrument is avail-
able in several languages and has been adapted to many different contexts (Gilbody et al.,
2007). The literature indicates that it has good diagnostic accuracy, validity, and reliability
(Costantini et al., 2021). A score> 10 is usually considered as the optimal cut-off score
(Kroenke et al., 2001; Manea et al., 2012; Spitzer et al., 1999) for MDD detection, with
sensitivity from 0.37 to 0.98 and specificity from 0.42 to 0.99 (Costantini et al., 2021).
For the Japanese version of the instrument, which is the one used in the present study,
good validity and reliability were documented, as well as invariance across clinical and
nonclinical populations (Doi et al., 2018). Cut-off scores > 10 (sensitivity =0.905, speci-
ficity=0.766; Muramatsu et al., 2018) and>11 (sensitivity=0.76, specificity=0.81;
Suzuki et al., 2015) have been reported to be optimal for diagnosing MDD in the Japanese
population.

Analyses

Before running ML analyses, factor structure and gender and age invariance of the PHQ-9
were verified. Factor structure was tested through confirmatory factor analysis (CFA)
using Mplus 7.4 (Muthén & Muthén, 2012), with the maximum likelihood means adjusted
(MLM; Muthén & Muthén, 2012; see also Brown, 2006) estimator. Multiple-group anal-
yses were run to test configural, metric, scalar, and strict invariance across gender and
across three age groups (youngest participants: <37 years old; middle-aged participants:
38-49 years old; oldest participants: > 50 years old), which were defined based on a tertile
split (see Bianchi et al., 2022). To evaluate the goodness of fit of all models, several fit
indices were inspected: Xz’ comparative fit index (CFI; Bentler, 1990), root mean square
error of approximation (RMSEA; Browne & Cudeck, 1993), and standardized root mean
square residual (SRMR; Bentler, 1995). A satisfactory fit is indicated by nonsignificant
(»=0.05) X2 values, CFI values greater than 0.90, and RMSEA and SRMR values smaller
than 0.08. For testing the equivalence of nested models in measurement invariance, the
tests of change in CFI, RMSEA, and SRMR (ACFI, ARMSEA, ASRMR) were consid-
ered. Invariance is supported by ACFI values <I.01l, paired with ARMSEA and ASRMR
values <I.0151 (ASRMR values <I.030I for metric invariance; Chen, 2007; Cheung & Rens-
vold, 2002).

ML analyses were implemented through the open-source software WEKA 3.8.5 (Wai-
kato Environment for Knowledge Analysis, University of Waikato, New Zealand). The
J48 classifier was used to build the DTs. This algorithm represents a Java extension of
the better-known Quinlan C4.5 algorithm (Quinlan, 1993; Salzberg, 1994). Starting from
a set of input data, the algorithm defines a DT that allows for classifying new data into the
groups of a specific class variable. In the building phase, the algorithm develops the struc-
ture of the tree. The items that have to be placed at each node and the splitting rules for
each of them (i.e., the scores that generate branches) are identified considering the infor-
mation gain they provide (Lin, 2001; Prabhakar, et al., 2002; Sugumaran et al., 2007). In
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the pruning phase, the nodes are progressively removed if their exclusion does not affect
classification accuracy. A minimum leaf size of 10 was set. This prevents overfitting and
allows for obtaining understandable DTs with high prediction accuracy and generalizabil-
ity (Dekker et al., 2009; Song et al., 2011).

In this work, the J48 algorithm was used to build a DT that aims to classify individ-
uals as having or not having an MDD diagnosis using the information provided by the
responses to the nine items of the PHQ-9. After a first analysis in which only the nine
items of the PHQ-9 were considered, a second analysis was run in which also two demo-
graphic variables (i.e., gender and age) were included. By incorporating them into the DT
structure, chains of nodes (i.e., branches consisting of sequences of items) differentiated
by gender and age are obtained. According to the literature, gender and age are associated
with the onset and course of depression (Blazer et al., 1994; Brodaty et al., 2005; Patten
et al., 2016). Consequently, incorporating them into the DT structure is expected to pro-
duce more accurate and efficient assessments. A third analysis was run in which feature
selection based on a wrapper method was applied on the nine items of the PHQ-9. Wrapper
methods are linked to a base classifier and aim to identify the subset of variables that maxi-
mizes discrimination between classes. In this work, the wrapper method was run using the
J48 classifier and by adding one item at a time (forward selection). This method identifies
the subset of items that maximizes classification accuracy among all possible subsets. A
final analysis was run in which the wrapper method was applied to the nine items of the
PHQ-9 plus the two demographic variables. Thus, a total of four models were run: a DT
built on the nine items of the test (DT-I), a DT built on the nine items of the test plus two
demographic variables (i.e., gender and age; DT-ID), a DT built on the nine items of the
test to which feature selection was applied (i.e., DT-FS-I), and a DT built on the nine items
of the test plus the two demographic variables to which feature selection was applied (i.e.,
DT-FS-ID).

A stratified tenfold cross-validation procedure was used to evaluate the performance of
the four models. This procedure randomly divides the dataset into 10 subsets with equal
size that are similar to the entire dataset in the class variable. The algorithm is tested on
each of the 10 subsets and trained on the remaining 9. Finally, the learning algorithm is run
a 11th and last time on the entire dataset to obtain the model that is printed out. The tenfold
cross-validation procedure is strongly recommended to evaluate the algorithms because it
has been found to provide generalizable results and accurate estimates (Cumming, 2008;
Witten et al., 2017).

The performance of the four DTs (i.e., DT-I, DT-ID, DT-FS-I, and DT-FS-ID), as well
as that of the two ROC-based cut-off scores for the Japanese population that are reported
in the literature (i.e.,>10 and>11; Muramatsu et al., 2018; Suzuki et al., 2015), was
evaluated considering several indices and statistics. For all models, the following five
classification assessment measures were computed and compared: accuracy (i.e., (true
positive +true negative)/total cases), sensitivity (i.e., true positive/(true positive + false
negative)), specificity (i.e., true negative/(true negative + false positive)), positive predic-
tive value (i.e., true positive/(true positive + false positive)), and negative predictive value
(i.e., true negative/(true negative +false negative)). Moreover, the accuracy of each model
was compared with the no-information rate (NIR), which represents the proportion of the
largest class (Hastie et al., 2009). A one-tailed binomial test was used to determine whether
model predictions were more accurate than NIR (i.e., 0.527, which is the proportion of
nonclinical individuals in the analyzed sample). Significant results (p <0.05) indicate that
model predictions are unlikely to be the result of chance. Cohen’s Kappa coefficient (also
known as Kappa score) was used to compare model predictions with actual classification
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Table 1 Frequency (and Percentage) of Individuals Endorsing Each Item of the PHQ-9 and Mean Score
(and SD) for the Individuals Diagnosed with and Treated for Major Depressive Disorder (MDD Individuals;
N=1,042), for the Individuals Diagnosed with and Treated for No Psychiatric Disorder (Nonclinical Indi-
viduals; N=1,163), and for the Total Sample (N=2,205)

Item endorsement Mean score
Item MDD Nonclinical Total sample MDD Nonclinical Total sample
individuals individuals individuals individuals
1 257 (24.66) 77 (6.62) 334 (15.15) 1.60 (1.02) 0.76 (0.89) 1.04 (1.04)
2 285 (27.35) 99 (8.51) 384 (17.42) 1.66 (1.01) 0.84 (0.92) 1.05 (1.05)
3 467 (44.82) 154 (13.24) 621 (28.16) 1.98 (1.08) 1.02 (1.03) 1.16 (1.16)
4 479 (45.97) 183 (15.74) 662 (30.02) 2.09 (.98) 1.22 (1.01) 1.09 (1.09)
5 348 (33.40) 121 (10.40) 469 (21.27) 1.71 (1.12) 0.86 (1.00) 1.14 (1.14)
6 385 (36.95) 156 (13.41) 541 (24.54) 1.79 (1.12) 0.90 (1.06) 1.17 (1.17)
7 243 (23.32) 54 (4.64) 297 (13.47) 1.39 (1.12) 0.53(0.83) 1.07 (1.07)
8 164 (15.74) 35(3.01) 199 (9.02) 1.07 (1.08) 0.37 (0.72) 0.97 (0.97)
9 227 (21.79) 61 (5.25) 288 (13.06) 1.24 (1.14) 0.46 (0.82) 1.05 (1.05)

Note. According to the DSM scoring algorithm (Kroenke et al., 2001), item endorsement is defined by a
score>2. For each item, the frequency of respondents endorsing the item and the mean score were sig-
nificantly larger in MDD individuals than in nonclinical individuals (for the frequency of endorsed items: z
from 10.415 to 16.457, ps <.001; for the mean score: # from 17.58 to 21.285, ps <.001)

of instances. Kappa coefficient measures the agreement between predicted and actual clas-
sifications of a dataset, while correcting for agreement that occurs by chance (Witten et al.,
2017). In ML, it can be used to evaluate how closely classifier categorizations matched
the actual condition of instances. The higher the value of Kappa, the larger the agreement
between the classifications and the better the performance of the classifier (values of 0
indicate that a classifier is useless since there is no agreement between predicted and actual
classifications). According to the suggestions by Landis and Koch (1977), Kappa values
between O and 0.20, 0.21 and 0.40, 0.41 and 0.60, 0.61 and 0.80, and over 0.81 indicate
slight, fair, moderate, substantial, and almost perfect agreement, respectively. Finally, the
McNemar test was used to compare the performance of the models. It is a X2 test (with
1 degree of freedom) that evaluates if two models have the same error rate. Significant
results (p <0.05) indicate that the two models perform differently. The McNemar test was
used to compare DTs with and without demographic variables, and with and without fea-
ture selection, as well as to compare DT-I with the two ROC-based cut-off scores.

Finally, the percentage of correct classification was also calculated for the 625 individu-
als who reported being diagnosed with and treated for a psychiatric disorder other than
MDD and who were initially excluded from the analyzed sample (to reduce noise). All of
these 625 individuals had to be classified as not diagnosed because, although they reported
some psychiatric disorder, it was not MDD.

Results

Descriptive statistics of the PHQ-9 items are reported in Table 1. For each item, the fre-
quency of respondents endorsing the item and the mean score were significantly larger in
MDD individuals than in nonclinical individuals (for the frequency of endorsed items: z
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Table 2 Invariance of the PHQ-9 Across Gender and Age Groups

x> df CFI RMSEA SRMR ACFI ARMSEA  ASRMR
CFA 368.55 27 0.970  0.079 0.027
Gender invariance
Configural model ~ 381.306 50 0971  0.078 0.027
Metric model 409.263 58 0969  0.074 0.030 0.002 0.004 -0.003
Scalar model 486.241 66 0.963  0.076 0.036 0.006  -0.002 -0.006
Strict model 506.288 75 0962  0.072 0.037 0.001 0.004 -0.001
Age-group invariance
Configural model ~ 423.964 75 0.968  0.080 0.030
Metric model 481.228 91 0.965 0.076 0.043 0.003 0.004 -0.013
Scalar model 563.787 107 0959  0.076 0.046 0.006 0.000 -0.003
Strict model 693.217 125 0949  0.079 0.053 0.010  -0.003 -0.007

Note. Three age groups (i.e., youngest participants: <37 years old; middle-aged participants: 3849 years
old; oldest participants: >50 years old). CFI=comparative fit index; RMSEA =root mean square error
of approximation; SRMR =standardized root mean square residual; ACFI=test of change in CFI;
ARMSEA =test of change in RMSEA; ASRMR =test of change in SRMR; CFA =confirmatory factor
analysis

from 10.415 to 16.457, ps <0.001; for the mean score: ¢ from 17.58 to 21.285, ps <0.001).
CFA analyses supported the one-factor structure of the PHQ-9 (but suggested correlating
the residuals of Items 4 and 3, and Items 7 and 8) and its configural, metric, scalar, and
strict invariance across gender and age groups (Table 2).

Results on the Nine Items of the PHQ-9

Based on the sum scores on the nine items of the test, the two cut-off scores > 10
and > 11 classified 978 and 912 individuals as diagnosed, respectively. Conversely,
the individuals classified as diagnosed by DT-I were 1,026 (Fig. 1).! These individu-
als were not classified according to their sum scores but according to the information
provided by the single items progressively indicated in the tree structure. The DT
algorithm placed Item 3 (“Trouble falling or staying asleep, or sleeping too much”) at
the root node. It was identified as the item that best differentiated the individuals into
the two levels of the class variable (i.e., the item minimizing the misclassification rate
in each branch). A score <1 or>1 to Item 3 gave rise to two distinct branches, which
contained 1,198 and 1,007 individuals, respectively. The branch originating from
score <1 had Item 9 as the second node, while the branch originating from score > 1
had Item 1 as the second node (Fig. 1).

Table 3 shows the performance of the PHQ-9 scored using the two cut-off scores
reported in the literature (>10 and>11) and DT-1. DT-I was slightly superior to the cut-
off score > 10 in accuracy, sensitivity, PPV, and NPV, while the two models had the same

! In addition to the tenfold cross-validation method, all DTs were also trained and tested using both nine-
fold and 11-fold cross-validation methods. The results were very close to those of the tenfold cross-vali-
dation method, suggesting that there are no relevant differences based on the size of the training and test
datasets.
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Fig. 1 Decision Tree Obtained Running the J48 Algorithm on the Nine Items of the PHQ-9 (DT-I) Note.
The analyzed dataset included 2,205 individuals, 1,042 of whom diagnosed with and treated for major
depressive disorder and 1,163 diagnosed with and treated for no psychiatric disorder. The rectangles at the
end of each branch show how the DT classified the individuals falling in that branch (D =having major
depressive disorder; N=not having the diagnosis), the number of individuals falling in that branch (first
number in brackets), the number of incorrectly classified individuals (second number in the brackets)

Table 3 Performance of ROC-Based Cut-Off Scores and Decision Tree (DT) Algorithms

Cut-off Cut-off DT-1 DT-ID DT-FS-I DT-FS-ID
score > 10 score > 11
Accuracy .70 .70 72 73 .70 73
Sensitivity .69 .65 .70 1 72 72
Specificity 71 74 71 75 .69 15
PPV .68 .70 .69 12 .68 12
NPV 12 71 73 74 73 5
Kappa 41 40 41 46 41 47

Note. DT-I=decision tree built on the nine items of the PHQ-9; DT-ID =decision tree built on the nine
items plus two demographic variables (i.e., gender and age); DT-FS-I=decision tree built on the nine items
to which feature selection was applied (Items 1, 2, 3, 7, 8, and 9 were retained); DT-FS-ID =decision tree
built on the nine items plus the two demographic variables to which feature selection was applied (Items 3,
8, and 9, gender, and age were retained). PPV =positive predictive value; NPV =negative predictive value

specificity (Table 3). DT-I was superior to the cut-off score>11 in accuracy, sensitivity,
and NPV, while it had lower specificity and PPV. The accuracy of the three models was
significantly higher than the NIR (NIR=0.53, ps <0.001) and the Kappa coefficients were
fair (from 0.40 to 0.41). The results of the McNemar tests showed that DT-I outperformed
both the cut-off score > 10 (X2= 32.53, p<0.001) and the cut-off score>11 (X2=29.15,
p<0.001).

Interestingly, DT-I was not only more accurate but also more efficient than the two
ROC-based cut-off scores. In fact, to classify individuals, the cut-off scores required the
administration of all nine items of the test whereas, following the DT-I scoring procedure
in Fig. 1, individuals could be classified using fewer items. Specifically, if the PHQ-9 items
were administered in a personalized way according to the process outlined by the DT struc-
ture, the respondents would be classified using the information deriving from 2 to 7 items
(2.99 items on average).
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Fig.2 Decision Tree Obtained Running the J48 Algorithm on the Nine Items of the PHQ-9 Plus the Two
Demographic Variables Gender (1=Male; 2=Female) and Age (DT-ID) Note. The analyzed dataset
included 2,205 individuals, 1,042 of whom diagnosed with and treated for major depressive disorder and
1,163 diagnosed with and treated for no psychiatric disorder. The rectangles at the end of each branch show
how the DT classified the individuals falling in that branch (D =having major depressive disorder; N =not
having the diagnosis), the number of individuals falling in that branch (first number in brackets), the num-
ber of incorrectly classified individuals (second number in the brackets)

In correctly classifying the 625 individuals who reported psychiatric disorders other
than MDD as not diagnosed, DT-I was as accurate as the cut-off scores>10 and>11
(56.64%, 52.16%, and 57.76% of individuals correctly classified as not diagnosed by DT-I,
cut-off score> 10, and cut-off score > 11, respectively; for the comparison between DT-I
and cut-off score>10: z=1.59, p=0.11; for the comparison between DT-I and cut-off
score > 11: z=-0.40, p=0.69), although it was more efficient than the cut-off score meth-
ods. For the results of the analysis conducted on the full sample of N=2,830 individuals,
see Table S1 in the Supplementary Materials.

Results on the Nine Items of the PHQ-9 Plus the Two Demographic Variables

When the two demographic variables (i.e., gender and age) were included in the analy-
sis (DT-ID), a tree structure was obtained that embedded them into the chain of nodes,
along with the PHQ-9 items. The resulting tree is displayed in Fig. 2. Following the
scoring algorithm defined by the tree structure, the age of individuals with a score > 1
to Item 3 (“Trouble falling or staying asleep, or sleeping too much”) and a score <1
to Item 1 (“Little interest or pleasure in doing things”) is considered. For individu-
als aged 25 or younger, the assessment can end without considering additional items.
For individuals older than 25 years, the algorithm suggests considering the score to
Item 8. In other words, by considering the variable age, the algorithm defined two dif-
ferent sequences of items for younger or older participants. Overall, the variable age
appeared four times in the tree and delineated different scoring algorithms for groups
of individuals older or younger than 25, 31, 38, and 52 years. The variable gender,
instead, appeared two times in the tree and defined specific sequences of items for clas-
sifying males and females.

The accuracy of DT-ID was significantly higher than the NIR (NIR=0.53, p <0.001)
and the Kappa coefficient was moderate (0.46). DT-ID outperformed DT-I in the five
classification assessment measures (i.e., accuracy, sensitivity, specificity, PPV, and
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Fig.3 Decision Tree Obtained Running the J48 Algorithm with Feature Selection on the Nine Items of the
PHQ-9 (DT-FS-I; Items 1, 2, 3, 7, 8, and 9 were Retained) Note. The analyzed dataset included 2,205 indi-
viduals, 1,042 of whom diagnosed with and treated for major depressive disorder and 1,163 diagnosed with
and treated for no psychiatric disorder. The rectangles at the end of each branch show how the DT classified
the individuals falling in that branch (D=having major depressive disorder; N=not having the diagnosis),
the number of individuals falling in that branch (first number in brackets), the number of incorrectly classi-
fied individuals (second number in the brackets)

NPV; Table 3). The McNemar test suggested that DT-ID performed better than DT-I
even if the difference between the two models was not statistically significant (X2 =3.14,
p<0.077). DT-ID classified individuals using the information deriving from two to five
PHQ-9 items (2.76 items on average) against the two to seven required by DT-I (2.99
items on average).

In correctly classifying the 625 individuals who reported psychiatric disorders other
than MDD as not diagnosed, the DT-ID slightly outperformed DT-I, although the differ-
ence was not statistically significant (60.16%, and 56.64% of individuals correctly classi-
fied as not diagnosed by DT-ID and DT-I, respectively; z=1.26, p=0.21). For the results
of the analysis conducted on the full sample of N=2,830 individuals, see Table S1 in the
Supplementary Materials.

Results Using Feature Selection on the Nine Items of the PHQ-9

In DT-FS-1, six PHQ-9 items (namely, Items 1, 2, 3, 7, 8, and 9; Fig. 3) were identified as
the most effective for the classification of individuals. The accuracy of DT-FS-I was sig-
nificantly higher than the NIR (NIR=0.53, p<0.001) and the Kappa coefficient was fair
(0.41). These six selected items allowed for classifying individuals with an accuracy that
was analogous to that of DT-I (Table 3). The results of the McNemar test showed that there
was no difference in the performance of the two models (X2=0.521, p=0.470), although
DT-FS-I was built on six PHQ-9 items out of nine.

In classifying the 625 individuals who reported psychiatric disorders other than MDD
as not diagnosed, DT-FS-I was as accurate as DT-1 (58.88% and 56.64% of individuals cor-
rectly classified as not diagnosed by DT-FS-I and DT-I, respectively; z=0.80, p=0.42),
although it was more efficient. For the results of the analysis conducted on the full sample
of N=2,830 individuals, see Table S1 in the Supplementary Materials.
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Fig.4 Decision Tree Obtained Running the J48 Algorithm with Feature Selection on the Nine Items of the
PHQ-9 Plus the Two Demographic Variables Gender (1 =Male; 2=Female) and Age (DT-FS-ID; Items 3,
8, and 9, Gender, and Age were Retained) Note. The analyzed dataset included 2,205 individuals, 1,042 of
whom diagnosed with and treated for major depressive disorder and 1,163 diagnosed with and treated for
no psychiatric disorder. The rectangles at the end of each branch show how the DT classified the individuals
falling in that branch (D =having major depressive disorder; N =not having the diagnosis), the number of
individuals falling in that branch (first number in brackets), the number of incorrectly classified individuals
(second number in the brackets)

Results Using Feature Selection on the Nine Items of the PHQ-9 Plus the Two
Demographic Variables

Further improvements in terms of classification assessment measures (i.e., accuracy, sensi-
tivity, specificity, PPV, and NPV) and efficiency were obtained when feature selection was
applied to the nine items of the test plus the two demographic variables. Model DT-FS-ID,
whose accuracy was again higher than the NIR (NIR=0.53, p <0.001), showed the largest
classification assessment measures (Table 3) and the largest Kappa coefficient (0.47, mod-
erate). This model retained only three PHQ-9 items (namely, Items 3, 8, and 9) and the two
demographic variables gender and age (Fig. 4), which appeared in the tree two and seven
times, respectively.

By allowing to classify individuals through the information deriving from two to five
items (2.36 items on average), model DT-FS-ID turned out to be the most efficient. Moreo-
ver, its performance did not significantly differ from that of DT-ID (X2= 1.13, p=0.288)
and DT-FS-1 (X2 =1.38, p=0.239), even though DT-FS-ID was built on three PHQ-9 items
out of nine.

In classifying the 625 individuals who reported psychiatric disorders other than MDD as
not diagnosed, DT-FS-ID was more efficient than DT-FS-I and DT-ID but also less accu-
rate (52.64%, 58.88%, and 60.16% of individuals correctly classified as not diagnosed by
DT-FS-ID, DT-FS-I, and DT-ID, respectively; for the comparison between DT-FS-ID and
DT-FS-I: z=-2.22, p=0.03; for the comparison between DT-FS-ID and DT-ID: z=-2.68,
p=0.007). For the results of the analysis conducted on the full sample of N=2,830 indi-
viduals, see Table S1 in the Supplementary Materials.
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Discussion

This work showed that ML classifiers are a valuable tool for identifying the items that are
most effective in categorizing the individuals as having or not having a certain condition.
In particular, it illustrated how DT algorithms can increase the accuracy of existing tests
and facilitate the development of shortened, yet accurate versions. It also showed how indi-
vidual variables external to the test (e.g., demographic variables) can be profitably inte-
grated into the assessment process.

The results of the analyses conducted on the responses to the PHQ-9 showed that
scoring the nine items of the test according to the procedure outlined by the DT (i.e.,
DT-I) produces classifications that are more accurate and efficient than those produced
by the two cut-off scores indicated in the literature. Moreover, it is worth noting that
the DT procedure results in more informative assessments because it values qualitative
differences in response patterns, which are usually overlooked by sum score methods.
All individuals with the same sum score are classified in the same way by the ROC-
based procedures whereas they can be classified in different ways by the DT proce-
dure. For example, using the ROC-based procedures, all individuals with a test score
of 8 are classified as not diagnosed, regardless of the specific pattern of responses that
produced that score. Sometimes the classification is correct, sometimes it is not. Con-
versely, based on the DT, particular combinations of responses resulting in a sum score
of 8 are classified as not diagnosed, others as diagnosed. In the analyzed dataset, an
example is given by an individual who obtained a score of 8 by responding 2 (“More
than half the days”) to Item 6 (“Feeling bad about yourself — or that you are a failure
or have let yourself or your family down”), O (“Not at all”’) to Items 5 (“Poor appetite
or overeating”) and 7 (“Trouble concentrating on things, such as reading the newspa-
per or watching television”), and 1 (“Several days”) to the remaining six items. Since
this response pattern resulted in a score lower than 10 and 11, the individual was clas-
sified as not diagnosed by the two cut-off score methods. This classification was incor-
rect. On the contrary, this individual was correctly categorized as diagnosed by the
DT. The DT, in other words, was able to grasp qualitative differences in the response
patterns that were not valued by the cut-off score methods.

A key feature of DT algorithms that can be highly useful in psychological testing per-
tains to the possibility of using them to personalize the assessment. By their nature, DTs
are remarkably suitable for developing adaptive tests, which present individuals with a
subset of items that are appropriately chosen based on their responses to previous items
(Colledani et al., 2023; Delgado-Gomez et al., 2016, 2019; Gonzalez, 2021a; Lopez-Cas-
troman et al., 2016; Michel et al., 2018; Ueno & Songmuang, 2010; Zheng et al., 2020).
Moreover, DTs allow for personalizing the assessment also by taking into account the
information deriving from variables external to the test, which can be useful to improve
assessment accuracy. In this work, for instance, two demographic variables were consid-
ered, namely gender and age. The DTs developed using these two variables (i.e., DT-ID
and DT-FS-ID) outperformed those developed without them (i.e., DT-I and DT-FS-I) in
accuracy. In the DTs that embedded the two demographic variables, branches were defined
which contained different items and/or different splitting rules for individuals of specific
gender and/or age groups. Achieving such a level of personalization would have been diffi-
cult using cut-off score methods because it would have required the definition of appropri-
ate age groups and the identification of numerous clinical cut-off scores (i.e., cut-off scores
specific to several gender and age groups). It should also be noted that the ML algorithm

@ Springer



International Journal of Mental Health and Addiction

automatically defined the age groups following a process aimed to maximize diagnostic
accuracy. Outside an ML approach, the definition of the age groups would have had to be
based on more or less arbitrary criteria. The personalization of the assessment is an impor-
tant feature because it improves diagnostic performance even in bias-free instruments. In
the PHQ-9, for example, full strict invariance across gender and age groups was observed.
Nevertheless, the diagnostic performance of the test improved when gender and age were
considered in the definition of the DT. Including external and relevant variables in the DT
is quite easy in the ML approach, and the resulting advantages can be noticeable. This pos-
sibility has a crucial relevance considering that often individual characteristics such as gen-
der, age, comorbidity, or ethnicity impact the assessment of psychopathological conditions
(Achenbach, 2000; Hartung & Lefler, 2019). Such anamnestic data are normally available
or collected but scarcely used to improve the psychodiagnostic performance even when
their relevance is recognized by professionals and pointed out in the literature (Brown,
1986; Puente & Perez-Garcia, 2000).

Another application of ML-DT that can be useful in psychological testing is feature
selection. It allows for identifying, within a set of variables, those that are most useful for
classification purposes. In psychodiagnostic testing, feature selection could be extremely
useful in selecting the subset of items that maximizes classification accuracy, and thus rep-
resents a valuable method for developing shortened, yet accurate psychodiagnostic tools.
When applied to the PHQ-9, feature selection allowed for selecting six of the nine available
items (DT-FS-I). The resulting shortened version performed analogously to the full-length
scale, while saving one-third of the items. Interestingly, when feature selection was applied
to the nine test items plus the two demographic variables (DT-FS-ID), the algorithm pro-
duced the most effective solution: It selected three PHQ-9 items and the two demographic
variables and resulted in the most accurate and efficient DT.

Given the brevity of the PHQ-9, the development of a shortened version of it could
not be a crucial objective. In the psychodiagnostic field, however, tests often contain many
items (e.g., the Minnesota Multiphasic Personality Inventory-2 by Hathaway & McKinley,
1989; the Schedule for Nonadaptive and Adaptive Personality by Clark et al., 1993), and it
is usually necessary to use more than one instrument. In such situations, feature selection
could be an extremely useful method for developing accurate, personalized, and efficient
assessment instruments. In addition, feature selection could also contribute to theoretical
advances since it allows for identifying not only the attributes that are most relevant for
the classification, but also those that are most relevant in the onset and course of psycho-
pathological conditions. The 6-item version of the test obtained with feature selection and
without taking into account demographic variables included Items 1 and 2 of the PHQ-9,
which describe the core symptoms of depression pertaining to depressed mood and anhe-
donia, and Item 9 on suicidal ideation, which is a key feature for classification purposes
according to the DSM scoring algorithm of the PHQ-9 (Kroenke et al., 2001). In contrast,
the 3-item abbreviated version of the test obtained with feature selection and taking into
account demographic variables, did not include Items 1 and 2, but did include Item 9.

Overall, the work has shown that DT-based methods allow the development of highly
personalized tests that are equivalent or superior to traditional methods in terms of diag-
nostic classification accuracy, but with much greater efficiency. Interestingly, the good
results observed with DT-based methods were obtained using a cross-validation procedure,
which allows the results to be considered highly generalizable (James et al., 2013). Fur-
thermore, even on data not used in the algorithm training phases, DT-based methods were
as accurate as traditional methods, but much more efficient.
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Implications for Theory and Practice

DT-based methods are valuable tools in the field of psychological testing. They facilitate
the development of highly personalized adaptive testing procedures, which in turn allow
for highly accurate and efficient diagnostic classifications. Compared to traditional cut-off-
based methods, DT procedures give greater consideration to the contribution of each indi-
vidual item in the classification process. In addition, they assign greater relevance to dif-
ferences in test response patterns and, consequently, to differences in clinical profiles. By
focusing on single items/symptoms, DTs allow for identifying not only the attributes that
are most relevant for the classification, but also those that are most relevant in the onset and
course of psychopathological conditions. This, in turn, is expected to promote theoretical
advances.

DT-based procedures also allow for integrating variables external to the test (e.g.,
age, gender) into the assessment process. This feature appears to be very useful, as it can
strongly and positively influence the accuracy of classification by exploiting information
that is often available to clinicians but usually overlooked in the assessment. Besides the
valuable features mentioned above, a practical advantage of DT-based methods is the high
efficiency of the assessment procedures they generate. This aspect is of particular interest
in large-scale assessments where multiple, often time-consuming and tedious tests have
to be administered. In these situations, reducing the burden of respondents who have to
answer lengthy questionnaires can improve attention and reliability of responses. In addi-
tion, improving the efficiency of clinical and diagnostic testing procedures is very useful
for frail individuals who may have difficulty with long and complex tasks.

Future Research Directions

In this work, a feature selection procedure was used that identified the optimal set of items,
without the number of items to be retained being predetermined. As a result, the length of
the shortened tests could be any. In some cases, it may be useful to construct shortened
tests containing a predetermined number of items. Feature selection procedures exist that
are useful to this purpose (e.g., ranker methods; Witten et al., 2017). Future studies may
be devoted to comparing the functioning of shortened tests obtained using different feature
selection procedures, with and without a predetermined number of items. In addition, fur-
ther studies are needed to test the effectiveness of feature selection and DT-based methods
over traditional strategies in the development of static short forms of tests.

DT-based methods are a promising strategy for improving diagnostic testing procedures.
However, the literature suggests that further studies are needed to understand their utility in
assessing disease severity and levels of specific traits in respondents (Michel et al., 2018;
Riley et al., 2011; Ueno & Songmuang, 2010).
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