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In mental health, accurate symptom assessment and precise measurement of patient conditions are 
crucial for clinical decision-making and effective treatment planning. Traditional assessment methods 
can be burdensome, especially for vulnerable populations, leading to decreased motivation and 
potentially unreliable results. Computerized Adaptive Testing (CAT) has emerged as a solution, offering 
efficient and personalized assessments. In particular, Machine Learning-based CAT (MT-based CATs) 
enables adaptive, rapid, and accurate evaluations that are more easily implementable than traditional 
methods. This approach bypasses typical item selection processes and the associated computational 
costs while avoiding the rigid assumptions of traditional CAT approaches. This study investigates the 
effectiveness of Machine Learning-Model Tree-based CAT (ML-MT-based CAT) in detecting changes 
in mental health measures collected at four time points (6-month intervals between February 2018 
and December 2019). Three CATs measuring generalized anxiety, depression, and social anxiety were 
developed and tested on a dataset with responses from 564 participants. A cross-validation approach 
based on real data simulations was used. Results showed that ML-MT-based CATs produced estimates 
of trait levels comparable to full-length tests while reducing the number of items administered by 50% 
or more. In addition, ML-MT-based CATs captured changes in trait levels consistent with full-length 
tests, outperforming short static measures.
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Mental health encompasses the diagnosis, treatment and management of various mental illnesses, disorders and 
conditions, as well as the promotion of well-being and personal fulfilment. In this context, accurate assessment 
of symptoms and objective measurement of patients’ conditions are crucial. These aspects, in fact, are essential 
to ensure informed clinical decision making and effective treatment planning. However, the diagnosis and 
screening process often requires the administration of multiple tests and frequent monitoring of patients, 
resulting in the repetition of numerous tests and items1,2. While these procedures are necessary, they can be 
burdensome for patients, particularly the elderly or frail, who may experience boredom and fatigue in answering 
multiple questions that are often redundant or inappropriate for describing their condition. In this situation, 
motivation to answer accurately may fail and patients may provide hasty and inaccurate answers, which can 
lead to unreliable assessments3–5. Long and redundant instruments also pose limitations in the field of research, 
as the difficulty of administering very long scales in real mental health contexts (i.e., clinics, private practices, 
general healthcare contexts) reduces the possibility of conducting a systematic study of the effectiveness of 
treatment programs1. Over the years, a number of strategies have been developed to overcome these limitations. 
For example, brief instruments have been developed to assess the severity of many mental health conditions 
such as depression and anxiety (e.g., Anxiety and Depression Detector-ADD6; Patient Health Questionnaire-
PHQ-9 7 and PHQ-4 8,9; Generalized Anxiety Disorder Screener-GAD-7 10; Five-Item Mental Health Inventory-
MHI-5 11), psychological distress (e.g., General Health Questionnaire-GHQ-12 Goldberg et al., 1997 12), mood 
(e.g., My Mood Monitor-M-3 Checklist13), and post-traumatic stress disorder (e.g., Short Posttraumatic Stress 
Disorder Rating Interview-SPRINT14; Short Forms of PTSD Checklist-PCL-C-SF15–17)18. Traditionally, these 
instruments, as well as their full-length versions, have been developed within the framework of classical test 
theory2,19–21. Such instruments estimate the severity of a patient’s condition by means of a total score that is 
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obtained by summing, or averaging, the patient’s responses to a set of items that are identical for all patients. This 
implies that, particularly in the case of short tests, only a limited number of items are suitable for each specific 
respondent and can capture the different levels of severity of a disorder. Consequently, the evaluations that can 
be obtained may be inaccurate. Moreover, in this framework, each item, regardless of its severity, is given equal 
weight, so that a positive response to the item “Sometimes I feel sad” is considered equally important as a positive 
response to the item “Sometimes I had suicidal thoughts”22–24.

An alternative method to improve the accuracy of mental health assessment while reducing the burden 
is adaptive testing25,26. Adaptive tests are computerized instruments (computerized adaptive test, CAT) that 
personalize the assessment process. CATs are designed to adaptively vary the questions administered to 
respondents based on their responses to previous items and the characteristics of each item. Unlike traditional 
tests, adaptive tests do not administer all questions to all patients, but only the questions that are most informative 
for each respondent at a given time. This approach enhances the efficiency and personalization of assessments, 
leading to more precise and meaningful measurements27. The majority of CATs have been developed in the 
context of item response theory (IRT)21. IRT-based CAT relies on the careful calibration of a large item pool28,29. 
The calibration considers different characteristics of each item, depending on the specific IRT model used. These 
characteristics include item difficulty, discrimination, pseudo-guessing, and inattention. Difficulty (parameter b) 
refers to the level of ability required to provide a correct response to the item or the severity of a disease necessary 
to provide a response indicating the presence of the disease. Discrimination (parameter a) refers to the ability 
of the item to effectively distinguish between individuals with high or low ability or different levels of disease 
severity30. Pseudo-guessing (parameter c) reflects the influence of chance on providing a correct response to the 
item or a response indicating the presence of the disease30,31. Inattention (parameter d) accounts for the impact 
of distraction on providing an incorrect response to the item or a response indicating the absence of the disease32. 
By taking these item characteristics into account, CATs present each respondent with only those items that are 
most informative for the current estimate of their ability level (or disorder severity level), which is progressively 
updated based on responses to sequentially presented items. The assessment ends when the respondent’s trait 
level has been estimated with sufficient accuracy (variable-length CAT) or when a predetermined number of 
items have been administered (fixed-length CAT33,34). IRT-based CATs have been successfully used in several 
fields, including education, psychological and personality assessment, and mental health, where they have 
demonstrated remarkable efficiency in accurately measuring the severity of mental disorders while significantly 
reducing the number of administered items35–39. More recently, a new type of adaptive test has been proposed: 
the computerized adaptive diagnosis (CAD)1,40. These tools are not designed to provide an accurate measure 
of the severity of a disorder, but rather to provide accurate diagnostic categorizations (e.g., diagnosed vs. non-
diagnosed; at-risk vs. not-at-risk1). Research has shown that CADs are valuable tools that allow for a very 
high degree of personalization, excellent diagnostic performance (e.g., diagnostic accuracy, sensitivity, and 
specificity), and great efficiency1,22,41,42. These tests are developed using machine learning (ML) and in particular 
decision tree (DT) or random forest classifier algorithms.

A more recent variant of these tools, which has not yet been widely used in diagnostic contexts, are the 
adaptive tests based on regression tree or model tree machine learning classifier algorithms. This type of tool 
uses a process similar to that of CAD. However, rather than a discrete diagnostic classification, its goal is to 
predict the score on a continuous variable, such as the score on a test or the severity of a disease24. Compared 
to IRT-based CATs, ML-based CATs do not require the verification of strict assumptions with respect to item 
dimensionality and thus are particularly useful for multifaceted constructs43. ML-CATs based on DT, regression 
tree or model tree (MT) algorithms define the selection of items to be presented to respondents according to 
a tree structure developed by the classifier algorithm. The tree structure is a sort of flowchart that, using a top-
down approach based on a recursive divide-and-conquer process, defines a set of if-else rules44,45. Following the 
rules, it is possible to classify instances (e.g., respondents to a test) according to a specific category (e.g. diagnosis 
vs. non-diagnosis) or in the case of regression or model trees, it is possible to predict their score on a continuous 
variable (e.g., the test score24). The tree structure consists of a root and a series of branches and leaves. The root is 
the origin of the tree, namely, the node from which all branches develop. Each node is represented by a specific 
attribute (e.g., item/variable), and a chain of nodes from the root to a leaf (i.e., the end of a branch and the place 
in the tree structure where classification or score prediction takes place) forms a branch. In the first step, the 
algorithms select the node (i.e., the predictor) to be placed at the root of the tree and that should be subsequently 
divided into branches to build the tree structure. DT algorithms work by finding the best split among all the 
possible predictor values (e.g., in a 7-point Likert scale from 1 to 7, the splitting rule could be ≤ 2 vs. > 2) to 
partition the dataset into groups where the outcome values are most similar (e.g., same classification or same 
score). This process is carried out recursively in each derived group until the algorithm meets a stopping point 
(e.g., a maximum number of splits, a minimum number of cases in each group, or no prediction improvement). 
When the variable to be predicted is categorical, the algorithm aims to generate the “purest” nodes, that is, to 
divide the sample into subsets containing instances with the same classification45. This process is rooted in 
information gain45–47 and based on the entropy of the class distribution48 Analogously, when the variable to be 
predicted is continuous, the decision on which attribute is the best to split is based on minimizing the within-
class variation. Specifically, the decision regarding the optimal attribute for splitting is based on the standard 
deviation of the class variable at each node. The standard deviation is employed as a measure of the error at each 
node. The algorithm calculates the expected error reduction (i.e., standard deviation) that would result from 
introducing a specific attribute at a specific node and selects the attribute that maximizes that reduction45.

DTs have been demonstrated to be an effective means for instructing adaptive testing procedures. Indeed, the 
structure of DTs is defined by a set of nodes connected by a set of rules. In the context of a test situation, these can be 
represented by the test items and the specific item response options (e.g., response ≤ 2 vs. > 2), respectively. Once 
the structure of a DT has been defined, it can be used as a guide to administer the test items to new respondents 
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according to an adaptive procedure. This consists simply of presenting respondents with items that are included 
in the branch to which they are assigned, based on the answers they progressively provide1,22,23,40,43,49–52. One of 
the key advantages of ML-based CAT over traditional IRT-based CAT is the possibility of designing the entire 
test in advance, based on the predefined tree structure. This allows the adaptive test to be applied to respondents 
immediately, bypassing the item selection process and the associated computational costs typical of IRT-based 
CAT40.

Although CATs have demonstrated considerable value in clinical settings, few studies have examined their 
ability to capture changes in the conditions (trait levels, disorder severity levels, diagnostic categorizations) of 
individuals who completed the test at different time-points. This is a critical aspect for clinical practice and 
research, as the ability to track changes is essential for monitoring patients and verifying the efficacy of treatment 
programs. In the context of IRT, only a few studies have explored the efficacy of CATs in detecting change52–54. 
These studies have generally supported the notion that CATs are as effective as static tools in predicting 
respondents’ retest scores. Furthermore, IRT-based CATs have been demonstrated to be as sensitive to change 
as static instruments52–54. However, no studies have yet examined the ability of machine learning-based CATs to 
detect changes. Nevertheless, investigations in this area seems to be crucial to strengthen the usefulness of these 
tools in clinical contexts. Should evidence confirm their effectiveness in capturing change, the implications for 
their application in clinical contexts would be substantial. Indeed, ML-based CATs would facilitate more efficient 
assessment procedures, enabling the evaluation of multiple dimensions within a single session without undue 
fatigue of patients. Furthermore, they would allow for more comprehensive monitoring of patient progress, thus 
reducing the burden on both patients and professionals. Should evidence confirm their effectiveness in capturing 
change, the implications for their application in clinical contexts would be substantial. Indeed, ML-based CATs 
would facilitate more efficient assessment procedures, enabling the evaluation of multiple dimensions within 
a single session without undue fatigue of patients. Furthermore, they would allow for more comprehensive 
monitoring of patient progress, thus reducing the burden on both patients and professionals.

The objective of this study is to assess the capacity of ML-MT-based CATs to identify fluctuations in measures 
of mental health. In particular, measures of anxiety, social anxiety, and depression will be considered. These 
mental health problems were selected because they are among the most common issues in the general population, 
and well-established static assessment measures are available for them7,10,55–61. A real data simulation approach 
will be employed to assess the efficiency and accuracy of ML-MT-based CATs relative to static full-length 
versions of the same instruments in detecting change. It is expected that the adaptive tools will provide an 
accurate assessment of the targeted mental health conditions while significantly reducing the number of items 
administered. Furthermore, these tools are expected to effectively and efficiently capture individual changes in 
trait levels over time, aligning with the results obtained from full-length tests.

Method
Participants
The data were retrieved from the public repository OSF (​h​t​t​p​s​:​​/​/​o​s​f​.​​i​o​/​j​z​4​​g​e​/​?​v​i​​e​w​_​o​n​​l​y​=​e​a​5​​7​a​c​a​d​6​​e​6​a​4​a​6​​e​8​6​f​a​
5​a​5​7​c​a​f​4​9​3​c;55,62). The dataset includes information from 564 Spanish university students (Mage = 21.30, SD = 3.64; 
31.7% males) who participated in an 18-month longitudinal study assessing mental health (e.g., depression, 
separation anxiety, specific phobia, social anxiety, panic, agoraphobia, generalized anxiety), personality traits, 
and risk factors. Data were collected in four waves (T1, T2, T3, and T4) at 6-month intervals between February 
2018 and December 2019. Specifically, the dataset includes data from participants who completed mental health 
assessments at least at one time-point (i.e., 564 at T1, 359 at T2, 289 at T3, and 276 at T4). Participants received 
financial compensation for their participation at each assessment wave (€5, €10, €15, and €15 at T1, T2, T3, and 
T4, respectively). Further details in Table 1. All participants provided informed consent before participating in 
the study55,62. The experimental protocol from which the data used in the present work derive was approved by 
the Ethics Committee of the Universitat Jaume I (Castelló de la Plana, Castellón, Spain)55. All methods were 
carried out in accordance with relevant guidelines and regulations.

Measures
In this work three mental health measures were considered: general anxiety, depression, and social anxiety.

In particular, the Spanish versions of two DSM-5 anxiety severity measures, namely Generalized Anxiety 
Disorder Dimensional Scale (GAD-D) and Social Anxiety Disorder Dimensional Scale (SAD-D), were used 
to assess generalized anxiety and social anxiety56,62. Each scale consists of 10 items rated on a 5-point scale 
(from 0 = never to 4 = all of the time). All items require participants to rate how often they have experienced the 
feelings described in the items over the past six months (sample item for generalized anxiety: “During the past 
six months, I have felt anxious, worried, or nervous”; sample item for social anxiety: “During the past six months, 

T1 T2 T3 T4

N 564 359 289 276

Percentage of males 31.70 28.40 28.00 26.10

Percentage of females 68.30 71.60 72.00 73.90

Mean age 21.30 21.70 22.10 22.40

SD age 3.64 3.31 3.59 3.30

Table 1.  Descriptive statistics for respondents at the different time points.
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I have felt moments of sudden terror, fear or fright in social situations”). For both scales, the higher the score, 
the greater the severity of anxiety. Validation studies in the Spanish context supported good reliability for both 
scales (Cronbach’s alpha from 0.92 to 0.93 and from 0.90 to 0.92; and McDonald’s Omega from 0.92 to 0.94 and 
from 0.91 to 0.92 for SAD-D and GAD-D, respectively), as well as good structural, convergent, and discriminant 
validity55,62. Scalar longitudinal invariance for both measures was also established for both measures62. Cut-off 
scores of ≥ 13 (sensitivity = 0.88 and specificity = 0.65) and ≥ 14 (sensitivity = 0.88 and specificity = 0.75) were 
proposed for GAD-D and SAD-D, respectively63.

Depression was measured using the Patient Health Questionnaire-9 (PHQ-9)7,10, which consists of 9 items 
scored on a 4-point response scale (from 0 = never to 3 = everyday) and assesses the diagnostic criteria for major 
depression in the DSM-IV. Higher scores indicate greater depression. However, whereas the original PHQ-9 
focuses on the past 15 days, the version considered in Vidal-Arenas et al.62 focuses on the past 6 months. The 
PHQ-9 is one of the most widely used instruments for screening and diagnosing major depressive disorder64. 
The literature suggests that it has good diagnostic accuracy, validity, and reliability64. Typically, a score ≥ 10 is 
suggested as the optimal cut-off point7,65,66 for detecting depression, with sensitivity and specificity ranging from 
0.37 to 0.98 and 0.42 to 0.99, respectively64. A shorter version of the instrument, known as the PHQ-2, is also 
available67. It consists of the first two items of the PHQ-9, which refer to depressed mood and anhedonia, the 
two core symptoms of depression. The validation study of the PHQ-2 indicated a cut-off score ≥ 3 as the optimal 
threshold for identifying depression, with a sensitivity of 0.83 and a specificity of 0.9267.

Analyses
To evaluate the ability of ML-MT-based CATs to identify fluctuations in measures of mental health, a cross-
validation approach based on real data simulation was used. For each of the three mental health scales (GAD-D, 
PHQ-9, and GAS-D), two datasets were created: a training dataset to train the ML-MT algorithm and a testing 
dataset to evaluate the performance of the algorithm on unseen data68.

In particular, for the GAD-D scale, the testing dataset was constructed by selecting all respondents who 
completed the scale at both T1 and T4 (N = 274, Mage at T1 = 20.92, SD = 3.37; Females 73.4%), while the training 
dataset included the responses to the GAD-D scale at all time-points for the remaining participants (the dataset 
includes 431 response patterns from 290 respondents; Mage at T1 = 21.65, SD = 3.84; Females 63.4%).

The training dataset was used to train the M5P algorithm using the software Weka 3.8.5 (Waikato Environment 
for Knowledge Analysis;68). The M5P is an ML-MT algorithm that deals with continuous rather than discrete 
outcome variables69. It is the expanded version of M5 algorithm that was originally developed by Quinlan70. 
The algorithm aims to identify a classification function to predict the value of a target variable based on a set of 
input variables. In this case, the algorithm was used to predict the GAD-D score as accurately as possible based 
on responses to a limited number of items. The algorithm determines which elements to place at the different 
levels of the DT (both the root node and subsequent nodes), as well as the splitting rules (i.e., item scoring 
rules) that define its branches and the tree structure. During the tree development phase (building phase), the 
algorithm progressively selects items and splitting rules based on the standard deviation (SD) of the values of the 
outcome variable (GAD-D sum score) within the different segments of the data set that are progressively created. 
The SD serves as an error indicator at each node, guiding the algorithm to select the attribute that maximizes 
error reduction (i.e., standard deviation reduction; SDR) at that particular node71. After building the tree, the 
algorithm developed a linear regression model for each leaf using the data associated with its specific branch. 
Then, pruning was carried out to address overfitting issues and obtain the final model45. A smoothing process 
was also implemented to enhance predictions and reduce discontinuities in scores45,72. A visual representation 
of the process is depicted in Fig. 1.

After the tree structure was developed using the training dataset, it was used to simulate an adaptive 
assessment on the testing dataset. The algorithm performance was evaluated in terms of (a) accuracy of the ML-
MT-based CAT in reproducing the score obtained with the full-length GAD-D, (b) capability of the ML-MT-
based CAT in reproducing the same change in generalized anxiety at different time points as that obtained with 
the full-length GAD-D, and (c) efficiency of the ML-MT-based CAT compared with the full-length GAD-D. 
The accuracy in reproducing the score obtained with the full-length GAD-D was evaluated using three common 
indices: correlation, mean absolute error (MAE), and t-tests. Correlation evaluates the extent to which the test 
score obtained using the CAT are associated to the scores obtained by administering all the scale items (i.e., 
the actual score). High correlations indicate good performance. MAE estimates the average (in absolute terms) 
difference (error) between CAT and full-length test scores (i.e., predicted and actual outcome values). A small 
MAE indicates that the CAT scores closely match the actual scores. The t-tests assess the null hypothesis that the 
scores on the ML-MT-based CAT do not differ from those obtained by administering the full-length GAD-D.

The capability in reproducing the same change in generalized anxiety as that obtained with the full-length 
GAD-D was evaluated using three methods. In particular, t-tests were used to determine whether any differences 
between T1 and T4 that were detected using the full-length scale scores could also be detected using the ML-
MT-based CAT scores. In addition, the significance of the difference in GAD-D scores between T1 and T4 
was calculated for each individual using the standard error of measurement SEM = SD ×

√
1 − α (SD and 

Cronbach’s α were calculated on the training data set). This calculation was carried out for both the full-length 
test scores and the ML-MT-based CAT scores. Then, the number of cases in which the full-length GAD-D and 
the CAT reached the same conclusion regarding a significant change was determined. Finally, the cut-off score 
recommended in the literature for the GAD-D (≥ 13 63) was used to categorize individuals as above or below the 
threshold. This cut-off score was used to categorize respondents at both T1 and T4, using both the full-length test 
and the CAT scores. The degree of agreement between these two methods in detecting changes in classification 
between the two time-points was then calculated.
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To explore potential patterns in the disagreement between methods in detecting changes in scores or 
diagnostic classifications, t-tests, χ2 tests, and point-biserial correlations (rp.bis) were conducted. Specifically, t-
tests and χ2 tests were used to investigate whether age or gender influenced the performance of CATs in terms 
of agreement with the full-length test (change in scores and change in diagnostic categorization), while point-
biserial correlations were used to investigate whether the level of agreement was associated with the number of 
items presented in the CATs.

Fig. 1.  M5P algorithm process flowchart.
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A similar procedure was used also for the depression scale. Two datasets were constructed. Specifically, the 
testing dataset was built by selecting all respondents who completed the PHQ-9 at both T1 and T4 (N = 276, Mage 
at T1 = 20.91, SD = 3.37; Females 73.6%), while the training dataset included the responses to the PHQ-9 scale at 
all time-points for the remaining participants (the dataset includes 427 response patterns from 288 respondents; 
Mage at T1 = 21.67, SD = 3.85; Females 63.2%). A further comparison was conducted on the testing dataset in 
addition to those carried out in GAD-D. Specifically, the ability of the ML-MT-based CAT to detect change 
was compared not only with that of the full-length test but also with that of the 2-item static short version of 
the instrument (i.e., the PHQ-2). The comparisons were performed both considering the test scores (using the 
SEM computed in the training data set) and the classifications made using the cut-off score recommended in the 
literature (i.e., ≥ 3)67. To compare the performance of CAT and the static short form in terms of agreement with 
the full-length version, McNemar’s tests were conducted.

A methodology similar to that used for generalized anxiety was also used for social anxiety. In this case, the 
testing dataset included all subjects who responded to all waves (N = 237, Mage at T1 = 20.86, SD = 3.00; Females 
73.8%), while the training dataset included the measurements at all the available time-points from all the 
remaining respondents (the dataset includes N = 539 response patterns from 327 respondents; Mage at T1 = 21.61, 
SD = 4.01; Females 64.2%). However, comparisons were made across all the four time points. This approach 
aimed to provide a more nuanced exploration of the capability of the ML-MT-based CAT to detect changes in 
mental health measures over time, extending the analysis beyond two-time points to include more waves.

Results
Attrition was not directly addressed in the primary analyses and all available data were used. However, age and 
gender differences were assessed between participants who completed all waves and those with missing data in 
one or more waves. Although statistically significant differences were observed for both gender (χ2(1,564) = 5.87, 
p = .02, Cramér’s V = 0.10) and age (t(560) = 2.41, p = .02, Cohen’s D = 0.20), the effect sizes were negligible to 
small.

Power analyses were performed to determine whether the sample sizes of the datasets were sufficient to detect 
small effect sizes in the t-tests and correlation analyses, using a significance level (α) of 0.05 (assuming two-tailed 
tests) and a power (1 − β) of 0.80. For t-tests, a total sample size of at least N = 199 was required to detect a small 
effect (d = 0.2). Similarly, for the correlational analyses, a sample size of N = 193 was required to detect a small 
effect (r = .2; N = 191 was required for point-biserial correlations). In our analyses with the GAD-D, PHQ-9, and 
SAD-D, the sample sizes consistently exceeded these requirements, with N = 274, 276, and 237, respectively.

Generalized anxiety (GAD-D)
The M5P algorithm applied to the responses to the 10 items of the GAD-D scale in the training dataset resulted 
in a tree structure that placed item 2 at the root node. The tree contained 29 leaves, with branches consisting of 
3 to 8 nodes. Considering that some items may appear at multiple levels within the tree (albeit with different 
splitting/scoring rules), the unique items appearing in the different branches ranged from 2 to 7. It is interesting 
to note that the algorithm placed item 2 (i.e., “…felt anxious, worried, or nervous”), which refers to particularly 
salient content for the assessment of generalized anxiety, at the root of the DT.

The tree structure was used to simulate the administration of a CAT procedure on the response patterns of 
the testing dataset. The performance of the adaptive procedure yielded favorable results. The CAT procedure 
allowed for the estimation of test scores by administering an average of 4.49 items at T1 and 4.39 items at T4, 
resulting in item savings of more than 50% (i.e., from 55.1 to 56.1%).

The correlation between the full-length test scores (i.e., obtained on all 10 items of the GAD-D) and the CAT 
scores was 0.89 at T1 and 0.88 at T4 (Fig. 2). The MAE was 1.62 at T1 and 1.56 at T4. The t-tests performed to 
examine the comparability of the scores obtained on the adaptive test with those obtained by administering 
the full-length scale showed that the CAT scores did not differ from the full-length scores both at T1 and T4 
(Table 2). The correlation between the test scores at T1 and T4 computed based on the full-length scores was 0.42, 
while it was 0.36 when computed based on CAT scores. According with the Steiger73 test the two coefficients 
were not significantly different (z = 1.53, p = .13).

Fig. 2.  Scatterplots of full-length test scores and CAT scores on the GAD-D at waves T1 and T4. Note. r = 0.89 
and 0.88, ps ≤ .001, for T1 and T4, respectively.
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A significant reduction in GAD-D scores was observed from T1 to T4 for both the full-length and CAT scores 
(Table 2). Using the SEM (SEM = 1.92; SD on the training sample = 6.26, Cronbach’s alpha = 0.906) a significant 
(p < .05) difference between the GAD-D scores at T1 and T4 was observed in 88 respondents when considering 
the full-length test scores and in 97 respondents when considering the CAT scores. Overall, the two testing 
methods reached the same results in 219 out of 274 cases, with an agreement of 79.9%.

When applying the cut-off score recommended in the literature for the GAD-D (≥ 13)63, 33 respondents were 
above the threshold at T1 using the full-length test scores, while 28 were above the threshold using the CAT 
scores. At T4, 30 respondents were above the threshold using the full-length test scores, while 29 were above the 
threshold using the CAT scores. The agreement in detecting changes in categorization between the two methods 
was 87.6% (240 cases out of 274).

The CAT exhibited comparable performance in detecting changes in agreement with the full-length test for 
both male and female participants, with no observable age-related differences. This was observed in changes 
in categorical classification (gender: χ²(274) = 2.67, p = .10; age: t(272) = 0.47, p = .64) and in changes in scores 
(gender: χ²(274) = 0.21, p = .64; age: t(272) = – 1.23, p = .22). Moreover, the agreement between the CAT and full-
length test scores in detecting changes in scores from T1 to T4 was not significantly correlated with the number 
of items presented in the CATs (rp.bis = − 0.029 and 0.08, ps > .05, for T1 and T4, respectively). Regarding the 
agreement between the two methods in detecting changes in diagnostic categorizations, significant correlations 
between the number of items presented in the CATs at T1 and T4 were observed, but these correlations were 
small in size (rp.bis = 0.12 and 0.21, ps < .05 and < .01, for T1 and T4, respectively).

Depression (PHQ-9)
Applying the M5P algorithm to the responses to the PHQ-9 items in the training dataset produced a tree 
structure with 26 leaves. The algorithm placed item 4 at the root node and developed branches containing 3 to 8 
nodes (3 to 8 items). Interestingly, the item placed at the root of the DT asks about lack of energy (i.e. “…feeling 
tired or having little energy”), which is a crucial feature for the diagnosis of depression7.

The tree structure was used to simulate the administration of a CAT on the response patterns of the testing 
dataset, and the performance of the CAT was compared with that of the full-length scale. The CAT procedure 
showed great efficiency allowing to complete assessments by administering an average of 4.46 items at T1 and 
4.39 items at T4, and resulting in item savings of approximately 50% (i.e., from 55.4 to 56.1%).

The results showed a correlation between the full-length test scores (i.e., the scores obtained on all 9 items 
of the PHQ-9) and the CAT scores of 0.88 at T1 and 0.91 at T4 (Fig. 3). The MAE was 1.34 at T1 and 1.16 at 
T4. Moreover, the t-tests performed to examine the comparability of the scores obtained on the CAT with those 
obtained by administering the full-length scale showed that the CAT scores did not differ from the full-length 
test scores both at T1 and T4 (Table 3).

A significant decrease in PHQ-9 scores was observed from T1 to T4 for both the full-length test scores and 
the CAT scores (Table 3). The correlation between the test scores at T1 and T4 computed based on the full-length 
scores was 0.49, while it was 0.43 when computed based on CAT scores. According with the Steiger test73 the two 
coefficients were significantly different (z = 1.99, p = .15) but the effect size was negligible (Cohen’s q of 0.08)74,75.

Using the SEM (SEM = 1.66; SD on the training sample = 3.80, Cronbach’s alpha = 0.810), a significant (p < .05) 
difference between the PHQ-9 scores at T1 and T4 was observed in 154 respondents when considering the full-
length test scores and in 144 respondents when considering the CAT scores. Overall, the two testing methods 
reached the same results in 208 out of 276 cases, with an agreement in detecting score changes of 75.4%.

Applying the cut-off score recommended in the literature for the PHQ-9 (≥ 10)7, 48 respondents were 
above the threshold at T1 using the full-length test scores, whereas 35 were above the threshold using the CAT 
scores. At T4, 48 respondents were above the threshold using the full-length test scores, while 29 were above the 
threshold using the CAT scores. The agreement in detecting changes in categorization between the two methods 
was 87.7% (242 out of 276 cases).

According to χ² and t-test analyses, the CAT yielded comparable results in detecting changes in alignment 
with the full-length test across both males and females, with no significant age-related differences. This finding 
was consistent for changes in diagnostic classification (gender: χ²(276) = 0.659, p = .40; age: t(274) = –  1.24, 
p = .216) and changes in scores (gender: χ²(276) = 0.097, p = .755; age: t(274) = – 0.066, p = .947). Moreover, the 
agreement between the CAT and the full-length test in detecting score changes from T1 to T4 was not significantly 
associated with the number of items administered in the CATs (rp.bis = − 0.037 and − 0.073, ps > .05, for T1 and 
T4, respectively). Regarding the correlations between the agreement of the two methods in detecting changes 
in diagnostic categorization and the number of items presented in the CATs, a non-significant correlation was 

Full-length test 
scores (10 items) CAT scores

Mean SD Mean SD t

T1 6.98 5.71 6.78 5.33 1.21; d = 0.07

T4 5.35 5.80 5.64 5.59 – 1.71; d = − 0.10

t 4.35***; d = 0.26 3.08**; d = 0.19

Table 2.  t-tests comparing full-length test scores and CAT scores on the GAD-D at waves T1 and T4. Note. 
d = Cohen’s d effect size measure. For all t-tests, df = 274. * p < .05. ** p < .01. *** p ≤ .001.
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found at T1 (rp.bis = 0.035, p > .05), while a significant but small correlation was observed at T4 (rp.bis = − 0.152, 
p < .05).

The first two items of the PHQ-9 can be used to compute a short measure of depression called PHQ-2. 
When the correlation between the test scores at T1 and T4 was computed based on the full-length version of 
the test, it was 0.49, while it was 0.35 when computed using the short version of the instrument. According 
to the Steiger test, the two coefficients were significantly different (z = 3.22, p ≤ .001) with a small effect size 
(Cohen’s q = 0.08)74,75. Relying on the scores from the short static version of the scale, a significant difference 
between scores at T1 and T4 was observed for 73 out of 276 respondents, with 61.96% agreement with the full-
length version (171 out of 276 cases). McNemar’s test indicated that this performance was significantly poorer 
compared with that of the CAT (χ²(1) = 12.3, p ≤ .001).

The literature suggests a cut-off score ≥ 3 as the optimal threshold for identifying major depression67. Using 
this cut-off in the PHQ-2, 47 people were above the threshold at T1, while 39 were above the threshold at T4. The 
agreement between the full-length measure (i.e., the PHQ-9) and the short static measure (i.e., the PHQ-2) in 
detecting a change in classification was 81.16% (224 cases out of 276). Also in this case, McNemar’s test indicated 
that this performance was significantly worse than that of the CAT (χ²(1) = 5.59, p < .05).

Social anxiety (SAD-D)
When applying the M5P algorithm to the responses to the 10 items of the SAD-D in the training dataset, a tree 
structure with 26 leaves was generated. The algorithm developed branches containing 4 to 7 nodes (3 to 7 items). 
Interestingly, item 1, which focuses on discomfort in social situations (i.e., “…felt moments of sudden terror, fear, 

Full-length test 
scores (9 items) CAT scores

Mean SD Mean SD t

T1 6.67 3.80 6.70 3.59 – 0.30; d = − 0.018

T4 5.85 4.38 6.01 4.07 – 1.64; d = − 0.10

t 3.25***; d = 0.20 2.78**; d = 0.17

Table 3.  t-tests comparing full-length test scores and CAT scores on the PHQ-9 at waves T1 and T4. Note. 
d = Cohen’s d effect size measure. For all t-tests, df = 275. * p < .05. ** p < .01. *** p ≤ .001.

 

Fig. 3.  Scatterplots of full-length test scores, short scale scores (PHQ-2), and CAT scores on the PHQ-9 at 
waves T1 and T4. Note. For the correlations between full-length test scores and CAT scores, rs = 0.88 and 0.93, 
ps ≤ .001, for T1 and T4, respectively. For the correlations between full-length test scores and PHQ-2 scores, 
rs = 0.77 and 0.88, ps ≤ .001, for T1 and T4, respectively.
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or fright in social situations”) and represents a key feature of Social Anxiety Disorder (SAD), was placed at the 
root node by the algorithm.

The tree structure was used to instruct the CAT procedure that was applied to the response patterns of 
the testing dataset. The CAT procedure showed great efficiency, allowing assessments to be completed with an 
average of 4.59, 4.43, 4.44, and 4.35 at T1, T2, T3, and T4, respectively, resulting in item savings of more than 
50% (i.e., from 54.1 to 56.5%).

The results showed a correlation between the full-length test scores (i.e., all 10 items of the SAD-D) and the 
CAT scores of 0.90, 0.94, 0.92, and 0.94 at T1, T2, T3, and T4, respectively (Fig. 4). The correlations between 
the SAD-D scores at different time points (i.e., T1-T2, T1-T3, T1-T4, T2-T3, T2-T4, T3-T4) ranged from 0.46 
(between T1 and T4) to 0.65 (between T2 and T3; ps < .001) using the full-length scale and from 0.38 (between 
T1 and T4) to 0.60 (between T2 and T3; ps < .001) using the CAT. The Steiger73 test showed that there was no 
significant difference in the correlations between T1 and T2 (z = 1.95, p = .05), T1 and T3 (z = 1.48, p = .14), and 
T2 and T4 (z = 0.69, p = .49) when calculated using the full-length test or the CAT scores. In the remaining cases, 
the differences between the correlations were significant: T1-T4 (z = 2.61, p = .01), T2-T3 (z = 2.23, p = .03), and 
T3-T4 (z = 3.78, p ≤ .001). However, the effect sizes were negligible to small, with Cohen’s q of 0.093, 0.092, and 
0.15 for T1-T4, T2-T3, and T3-T4, respectively74,75.

The MAE was 1.68, 1.28, 1.33, and 1.19 at T1, T2, T3, and T4, respectively. The t-tests performed to examine 
the comparability of the scores obtained with CAT and those obtained by administering the full-length scale 
showed that the CAT scores did not differ significantly from the full-length scores at T2, T3, and T4, while a 
significant difference was observed at T1, although the effect size was negligible (Cohen’s d = − 0.15; Table 3).

A significant decrease in SAD-D scores was detected at all waves (i.e., T1-T2, T1-T3, T1-T4, T2-T3, T2-
T4) except between T3 and T4. This finding was observed for both the full-length test scores and the CAT 
scores (Table  4). Using the SEM (SEM = 1.81; SD on the training sample = 6.40, Cronbach’s alpha = 0.920), a 
significant (p < .05) difference between the SAD-D scores across the four waves was observed for an average of 
59 respondents using the full-length test and 56 respondents using the CAT (see Table 5). On average, the two 
testing methods yielded the same results in 209 out of 297 cases, resulting in an agreement rate of 88.19%. When 
applying the cut-off score recommended in the literature for the SAD-D (≥ 14;63), on average, 23 respondents 
were identified as meeting the categorization criteria across waves using the full-length test, and 20 using the 
CAT (Table 5). On average, the two testing methods yielded the same results in 222 out of 297 cases, with an 
agreement rate of 93.7%.

The t-tests and χ² tests used to assess potential age- and gender-related differences in CAT performance for 
detecting changes (in test scores or diagnostic categorization) showed no statistically significant differences for 
most comparisons (i.e., T1-T2, T1-T3, T1-T4, T2-T3, and T3-T4). A significant gender difference in change 
detection for diagnostic categorization was found only between T1 and T3, although the effect size was small 
(χ² = 5.73, p = .017, Cramér’s V = 0.16). Furthermore, the agreement between CAT and full-length test scores in 

Fig. 4.  Scatterplots of full-length test scores and CAT scores on the SAD-D at waves T1, T2, T3, and T4. Note. 
r = 0.91, 0.95, 0.92, and 0.94, ps ≤ .001, for T1, T2, T3, and T4, respectively.
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detecting score changes across most wave pairs was not significantly related to the number of items administered 
in the CATs (rp.bis ranging from − 0.084 to 0.116, ps > .05). Significant correlations were observed only for the 
detection of change between T2 and T4, and between T1 and T3, with the number of items in CATs at T4 and 
T1, respectively (rp.bis = − 0.211, p < .001; rp.bis = − 0.149, p < .05). Similarly, the agreement between CAT and full-
length test scores in detecting changes in diagnostic categorizations across most wave pairs was not significantly 
associated with the number of items in the CATs (rp.bis ranging from − 0.116 to 0.065, ps > .05). A small but 
significant correlation was found only for change detection between T2 and T4 with the number of items in the 
CAT at T4 (rp.bis = − 0.162, p < .05).

In essence, the findings of the study revealed that CATs based on ML-MT yielded trait-level estimates 
comparable to those of full-length tests, while reducing the number of items by over 50% (from 54.1 to 56.5%). 
Furthermore, the ML-MT-based CATs demonstrated the ability to detect changes in trait levels and diagnostic 
categorization over time, showing substantial agreement with the full-length tests (agreement for change in 
score ranged from 75.4 to 89.9%; agreement for change in diagnostic categorization ranged from 87.6 to 95.8%). 
Additionally, in the measure of depression, the CAT demonstrated significantly superior accuracy compared to 
static short forms (the CAT exhibited 87.7% agreement in change in categorization, compared to 81.2% for the 
static short form, and 75.4% agreement in score change compared to 62.0% for the static short form).

Discussion
The aim of this study was to investigate whether CATs based on a ML-MT algorithm (namely, the M5P algorithm) 
are effective in detecting changes in mental health measurements collected in different time-points. CATs 
are highly valued and convenient instruments for psychological assessment because they reduce the burden 
of testing while ensuring high assessment accuracy25,26. This, in turn, promotes the possibility of conducting 
multiple assessments over time, even with a larger number of variables. CATs are generally developed within 
the framework of IRT21. Over the years, IRT-based CATs have demonstrated their efficiency and accuracy 

T1-T2 T1-T3 T1-T4 T2-T3 T2-T4 T3-T4 Average

Score change with full-length test 60 79 75 44 50 47 59

Score change with CAT 59 71 74 39 48 43 56

Agreement btw full-length test and CAT 208 (87.76%) 201 (84.81%) 210 (88.61%) 212 (89.45%) 209 (88.19%) 213 (89.87%) 209 (88.19%)

Categorization change with full-length test 19 27 28 22 27 13 23

Categorization change with CAT 20 23 26 15 22 11 20

Agreement btw full-length test and CAT 224 (94.51%) 219 (92.41%) 223 (94.09%) 216 (91.14%) 224 (94.51%) 227 (95.78%) 222 (93.67%)

Table 5.  Score change, categorization change and agreement in detecting change across the four waves using 
the full-length scales and the CAT.

 

Full-length test scores (10 items) CAT scores

Mean SD Mean SD t

T1 6.82 6.35 6.42 5.46 2.28*; d = 0.15

T2 5.15 5.87 5.02 5.22 1.01; d = 0.07

t 4.76***; d = 0.31 4.27***; d = 0.28

T1 6.82 6.35 6.42 5.46

T3 4.40 5.47 4.17 4.50 1.59; d = 0.10

t 6.36***; d = 0.41 6.69***; d = 0.43

T1 6.82 6.35 6.42 5.46

T4 4.02 5.87 3.89 5.27 0.95; d = 0.06

t 6.77***; d = 0.44 6.51***; d = 0.42

T2 5.02 5.22 5.15 5.87

T3 4.17 4.50 4.40 5.47

t 3.00**; d = 0.20 2.44*; d = 0.16

T2 5.02 5.22 5.15 5.87

T4 3.89 5.27 4.02 5.87

t 3.46***; d = 0.22 3.15**; d = 0.20

T3 4.17 4.50 4.40 5.47

T4 3.89 5.27 4.02 5.87

t 0.88; d = 0.06 1.19; d = 0.08

Table 4.  t-tests comparing full-length test scores and CAT scores on the SAD-D at waves T1, T2, T3, and T4. 
Note. d = Cohen’s d effect size measure. For all t-tests, df = 236. * p < .05. ** p < .01. *** p ≤ .001.
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in estimating respondents’ trait levels, and some evidence has been gathered regarding their effectiveness in 
detecting fluctuations in trait levels in measures obtained at different time points52–54.

In recent times, ML has emerged as a powerful tool in the field of psychological assessment. Research has 
demonstrated that it can be a valuable resource for the development of computerized adaptive diagnostic tests 
(also known as computerized adaptive diagnostics, or CADs)1,40. To date, results obtained in this field suggest 
that CADs are efficient and accurate tools for conducting assessments aimed at categorizing individuals as 
having or not having a certain disease1,22,41. ML-MT based CATs are an evolution of CAD. Although these 
tools work in a similar way to CAD, they offer a wider range of possibilities. ML-MT-based CATs allow not 
only the categorization of individuals, but also the estimation of the severity of a disorder (or the estimation of 
trait levels). This feature is particularly important in mental health, as it not only facilitates the identification of 
individuals at risk or with specific conditions for screening purposes, but also enables a detailed monitoring of 
their conditions to guide therapeutic interventions. ML-MT-based CATs also offer an alternative to traditional 
IRT-based CATs. In fact, they are more suitable for assessing multidimensional constructs and require less effort 
to implement the computer administration protocol compared to IRT-based CATs40,43.

While ML-based CATs have significant potential in the field of mental health assessment, no study has yet 
investigated their ability to accurately assess mental health variables to detect changes in measurements over 
time. The aim of this study was to fill this gap. The results showed that, overall, ML-MT-based CATs allow for 
the assessment of psychological variables with an accuracy comparable to that of full-length versions, while 
achieving item savings of over 50% (from 54.1 to 56.5%). Indeed, the results indicated that the scores from ML-
MT-based CATs and the full-length tests did not differ significantly. Furthermore, the MAEs were consistently 
small and below the SEM values of the tests. This suggests that ML-MT-based CATs do not introduce biases in 
the assessment of trait levels beyond the noise of observed scores, which is due to the inherent unreliability of 
psychological measures. Overall, the results indicated that the changes detected by full-length measures across 
waves were almost always captured by CATs. The agreement between full-length measures and CATs in detecting 
score changes was approximately 80% (ranging from 75.4 to 89.87%), with even higher percentages observed for 
diagnostic categorizations (ranging from 81.16 to 95.78%).

The advantage of ML-MT-based CATs becomes even more compelling when compared to the performance of 
short static measures. This comparison was made considering the depression scale. Specifically, the performance 
of the full-length 9-item version of the instrument (PHQ-9) was compared with that of the short static 2-item 
version (PHQ-2). The results indicated that the ML-MT CAT was significantly more consistent in detecting 
changes in agreement with the full-length scale than the short static version. This larger agreement was evident 
in both score fluctuations (PHQ-2 = 61.96%; ML-based CAT = 75.4%; χ² (1) = 12.3, p ≤ .001) and diagnostic 
categorizations (PHQ-2 = 81.16%; ML-based CAT = 87.8%; χ²(1) = 5.59, p < .05).

This study makes several important contributions to the field of psychological assessment. First, the work 
highlights the utility of ML-MT-based CATs in psychological testing for various purposes, including diagnosis, 
screening, and assessment of disorder severity and trait levels of mental health variables. Second, it demonstrates 
the good performance of ML-MT-based CATs in detecting changes in psychological variables collected 
at different time points, which exceeds that of established short static scales. From a clinical perspective, by 
shortening test administration times and reducing the burden associated with the testing process for both 
respondents and professionals, ML-MT-based CATs could facilitate the assessment of multiple variables across 
multiple testing sessions2. This allows for more comprehensive screening and frequent monitoring of mental 
health. According to the literature, since CATs are faster to administer and do not present respondents with 
the same set of questions each time, they could also reduce boredom, make the testing process more engaging, 
and consequently lead to more accurate and high-quality responses3–5. In addition, ML-MT-based CATs could 
foster greater interest and motivation in the testing process while reducing the risk of biased responses due to 
memory effects. However, these aspects were not directly assessed in the current study. Nevertheless, a tangible 
result that emerged from the study is the ability of CATs to provide accurate assessments of trait levels, capable 
of detecting changes with an accuracy comparable to that of the full-length test versions, but with considerably 
greater efficiency. From a research perspective, conducting more rapid evaluations offers a greater opportunity 
to monitor the effectiveness of treatment programs in real-world settings. This allows researchers to collect more 
data, thereby improving the rigor of research programs1.

A notable aspect of interest regarding the results of this study is their methodological robustness. The results 
were obtained through a cross-validation approach, implying that the performance of the developed CAT 
procedures was verified on data different from those used to train the algorithms. However, a limitation of this 
study pertains to the sample size used for training the algorithms. In fact, while the sample size was sufficient, 
employing larger datasets could potentially have led to even better performance. Future research should 
investigate this possibility by replicating our findings with larger samples. Furthermore, future research should 
also try to integrate external variables such as age, gender, and comorbidities into the assessment procedures. This 
integration may further improve the efficiency and accuracy of the algorithms. Indeed, previous research in the 
field of CAD has demonstrated that these variables play a pivotal role in enhancing the level of personalization, 
efficiency, and accuracy achievable through ML-based CATs41.

The current study did not identify any specific patterns in the performance of the method related to gender, 
age, number of items presented, or psychological variables. However, it is possible that other individual differences 
may affect the performance of ML-based CATs in terms of accuracy or efficiency for specific groups. Further 
research could investigate these factors to enhance the capabilities of the proposed method. It is important to note 
that the findings of this study, although robust and promising, are based on a non-clinical sample predominantly 
composed of young individuals. It is recommended that future studies extend and potentially refine these results 
by including clinical and more diverse samples. Furthermore, future research should investigate the efficacy of 
the proposed method in long-term studies conducted in real-world settings.
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As a further note, it is important to mention that the time frame considered for the PHQ-9 was modified 
from the original version of the instrument, which set it at two weeks, to a period of six months. This change 
was made to align the time frame of the depression measure with that of the other collected anxiety measures, 
which is six months according to the DSM-V. Moreover, the temporal framework was modified to align with 
the interval between the four waves of data collection. Although this adjustment does not affect the usefulness 
of the observed results or the feasibility of the proposed method, future studies are needed to confirm and 
extend the results of the present work to the original version of the PHQ-9. Furthermore, future research should 
extend the results by considering the performance of the proposed method when it is intended to predict a 
diagnosis based on criteria external to the test, such as professional diagnoses or results of other diagnostic tests. 
In this regard, some studies have demonstrated the usefulness of ML-based methods in terms of diagnostic 
accuracy and administration efficiency even when applied to the traditional PHQ-9 and in relation to external 
diagnostic criteria22,41. However, further research is needed to investigate the ability of ML-based methods to 
detect changes in these directions.

In a concluding remark, it is important to cite some ethical implications associated with the application of 
ML in the domain of mental health. ML algorithms have the potential to perpetuate existing biases in their 
training data, which may consequently result in unfair treatment of certain demographic groups76. Ensuring 
transparency in the decision-making processes of these algorithms is essential to improve algorithm outcomes 
and maintain trust between patients and mental health professionals. To adequately address these concerns, there 
is a need to engage in thoughtful deliberation and establish sound ethical guidelines governing the application 
of ML-based methods in mental health settings.

Conclusion
In recent years, the exploration of innovative methods in various scientific disciplines, including healthcare, 
marketing, finance and engineering, has demonstrated the potential to address important contemporary 
challenges77–82. This paper focused specifically on the novel application of ML-based methods in the field of 
psychodiagnostic assessment. In particular, the work demonstrated that ML-MT-based CATs can provide trait-
level estimates comparable to those of full-length tests, while requiring more than 50% fewer items to achieve 
this goal (from 54.1 to 56.5%).

In addition, this work demonstrated the ability of these instruments to detect changes in trait levels and 
diagnostic categorization over time, closely matching the results of full-length tests. This capability to track 
and detect change is highly valuable in clinical settings, highlighting how these tools can be effectively used for 
patient monitoring, treatment evaluation, and research programs.

This study illustrated the potential of ML-MT-based CATs for efficient and accurate mental health 
assessment, providing an alternative to traditional methods. Indeed, although IRT-based CATs are valued for 
their personalized and efficient assessments, they require a significant initial investment in item calibration and 
validation40, and their underlying assumptions are not always applicable to all psychodiagnostic contexts43,83. The 
ML-based approach overcomes these limitations and offers a promising direction for the dynamic monitoring 
of psychological change.

Data availability
The database analyzed in this study was described in Vidal-Arenas et al. (2023) and is publically available at ​h​t​t​
p​s​:​​/​/​o​s​f​.​​i​o​/​j​z​4​​g​e​/​?​v​i​​e​w​_​o​n​​l​y​=​e​a​5​​7​a​c​a​d​6​​e​6​a​4​a​6​​e​8​6​f​a​5​a​5​7​c​a​f​4​9​3​c.
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