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Abstract: This paper investigates the state of substance use disorder (SUD) and the frequency of
substance use by utilizing three unsupervised machine learning techniques, based on the Diagnostic
and Statistical Manual 5 (DSM-5) of mental health disorders. We used data obtained from the National
Survey on Drug Use and Health (NSDUH) 2019 database with random participants who had undergone
clinical assessments by mental health professionals and whose clinical diagnoses are not known. This
approach classifies SUD status by discovering patterns or correlations from the trained model. Our
results are analyzed and confirmed by a mental health professional. The three unsupervised machine
learning techniques that we used are k-means clustering, hierarchical clustering, and Density-Based
Spatial Clustering of Applications with Noise (DBSCAN) applied to alcohol, marijuana, and cocaine
datasets. The clustering results were validated using the silhouette score, k-fold cross-validation, and
root mean squared error (RMSE). The results from this study may be used to supplement psychiatric
evaluations.

Keywords: substance use disorder; diagnostic and statistical manual (DSM); unsupervised machine
learning; k-means clustering; hierarchical clustering; DBSCAN

1. Introduction

Substance use disorder (SUD) is a major concern to the health sector due to the many harmful
effects it causes the affected individual. Drugs reinforce negative behaviors that include drug-seeking
and drug-taking [4], which greatly impact brain activity and the resulting behavior. There are distinct
differences in how SUD affects the body, and as well as correlating effects of different substances on
particular human behaviors. Many related studies have adopted means to diagnose SUD based on
some deterministic and predefined sets of characteristics. These are standardized by the Diagnostic
and Statistical Manual (DSM) of mental disorders [11] that is used as a guide in analyzing clinical
data for SUD. Due to the serious consequences for the users of these substances, it is imperative
to implement analytical measures that can help manage individual behavior. Machine learning is
becoming a popular analytical tool in psychiatry given the clinical data of drug SUD [3]. With the
given new data, the user can be diagnosed from the machine learning model which has been created
from available data.

In the following paragraphs, we discuss studies in mental health disorders using unsupervised
machine learning, the algorithms used to model mental health disorders, and the corresponding
datasets used. Only one of the studies presented used DSM criteria. These studies are summarized in
the first part of Table 1. The study [5] established a method that utilized the application of various
machine learning algorithms to identify the state of mental health in a target group. It modeled
the subjects” answers to a questionnaire using unsupervised machine learning. It formed relevant
clusters that were verified by mean opinion score. Classification models were labeled that predicted
the mental health of individuals. The study adopted k-means, hierarchical, and k-medoids clustering
techniques. Due to the limited availability of practical guidance to measure the prediction strength
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of unsupervised machine learning cluster models, [9] proposed an extension of the cross-validation
procedure to evaluate the quality of the clustering algorithm and to predict cluster membership for
new data points. This paper focuses on understanding, “how good the model is” or “to what extent has
the model correctly assigned new data points to a relevant cluster”, and also measures the prediction
strength of the model. It uses k-fold cross-validation to calculate the probability of the occurrence
of the labels in both the training and testing data. The study further utilizes root mean squared
error (RMSE) and mean absolute percentage error (MAPE) to evaluate the prediction strength of
the algorithm. Calinski-harabasz score was used to obtain the optimal number of clusters and the
model was tested using k-means. It identified three clusters for the Emotions dataset, four clusters for
the Chronic Disease dataset, and five clusters for the Yeast dataset. The research showed promising
results with an overall RMSE of less than 0.075 and MAPE of less than 12.5% for the three datasets.
Identification and analysis of behavioral phenotypes in autism spectrum disorder (ASD) were carried
out by [10] in which an unsupervised machine learning model was applied to ASD subgroups and their
taxonomic relationships. In this study, a Gaussian mixture model was implemented which revealed 16
subgroups from a sample of n=1034, which was a subset of N=2400 for children with ASD. This portion
of the trial was used as retrospective treatment data and the responses were examined using linear
regression to understand how each sub-unit responded to varying treatment intensity. Hierarchical
agglomerative clustering was performed before fitting the data into the regression model. The results
revealed two overlying behavioral phenotypes. Within these patterns, unique and significantly low
profiles contained sub-groups that differed in severity. The high variance shown by regression models
indicated that clustering provides a basis for similarity which would be ideal for administering
treatment based on these cluster memberships. Lastly, we present in the last paragraphs, studies
that have established the application of supervised machine learning to SUDs and the corresponding
datasets. All of these studies used DSM-5 criteria. A summary of these studies is shown in the last part
of Table 1. According to [35], machine learning was used to identify health, psychiatric, psychological,
and contextual features that are essential for the prediction of SUD. These behavioral markers were
also utilized to predict individuals with a high risk of developing SUD. A total of 600 participants (
494 male and 206 female ) were recruited and administered a questionnaire across several assessment
waves that were carried out at the ages of 10-12, 12-14, 16, 19, and 22. The study used a random forest
classifier to examine the characteristics that are mostly associated with SUD. Thirty of those variables
strongly emerged as the strongest predictors for SUD. The results showed that in 10-12-year-old youths,
the features predicted SUD with an average of 74% which increased to 86% for those at the age of 22.
Compared to other machine learning algorithms, the random forest classifier had the best performance
in predicting individuals at risk of developing SUD between the ages of 10-22. The examination
of clinical and functional characteristics as predictors of AUD levels was carried out by [36]. The
study establishes the extent of alcohol use, comorbidity, and impairment on the mild, moderate, and
severe AUD levels. A total of 588 participants aged 18 and above recruited from 2016 to 2019 were
assessed for DSM 5 AUD for current substance use. In this work, multinomial logistic regression
was used to examine the association between potential validators, psychiatric disorders, functional
impairment, and the three AUD levels. The results indicated that craving, binge-drinking frequency,
problematic use, and harmful drinking had a more significant possibility of being associated with the
three AUD levels compared to the reference group that had no AUD or any other substance use. It
was reported that all the potential validators were also associated with severe effects of AUD more
than the mild and moderate effects of AUD. By using 2015-2019 NSDUH data, [37] proposed a method
to evaluate gaps in care for persons with AUD. The framework was developed on adults based on
the following measures: their prevalence of AUD, the proportion of those who received health care in
the past year and were screened for alcohol use, those with AUD who received brief intervention for
misusing alcohol, those that were informed of alcohol misuse treatment, and lastly, those who received
treatment. The results were classified according to alcohol severity and the cascades showed that most
individuals with AUD received health care in the past year. It was also reported that a minority of
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individuals received intervention, treatment referral, and health aid. In classifying the severity of
AUD, similar patterns were observed across the cascades of care and it was observed that people with
AUD normally do not receive treatment even after screening for alcohol use. A study by [32] proposed
a method to assess the degree of the existing relationships between the older and newer generations
of illicit and prescription drugs. A total of 36,309 adults from wave 3 of the National Epidemiologic
Survey on Alcohol and Related Conditions (NESARC-III) dataset aged 18 and above were assessed
to evaluate the occurrence of comorbidity between DSM 5 CoUD, DSM 5 SUD, and substance use.
Multivariable logistic regression results indicated that persons with current DSM 5 CoUD are more
prone to using all examined drugs for a lifetime including a year of several newer class illicit and
prescription stimulant-based substances. It was also found that the current DSM 5 CoUD could be
related to the different DSM 5 SUDs with high comorbidity existing between them. In general, there are
considerable studies on SUDs using machine learning but they discuss different types of SUD, different
machine learning methods, and different datasets. Further, these studies have to consider the different
elements of the previous SUD studies in order to make a contribution. This is what our proposed
method is trying to achieve. The problem to be solved by the method presented in this paper is to
be able to automatically classify people with SUD against people without, using clinical assessment
data gathered in NSDUH. This database assesses behaviors that would be evaluated by mental health
professionals trying to establish a DSM diagnosis. The efficacy of our proposed method is validated
by a mental health professional. This tool will be very helpful in terms of creating a fast and accurate
classification process that is not influenced by human errors. In this work, our contribution is the use
of unsupervised machine learning with data from the NSDUH 2019 based on the DSM 5. To the best of
our knowledge, this is the only work that processed data from NSDUH 2019 and used unsupervised
machine learning to model them.

1. Unsupervised machine learning is important in this kind of study because it allows the model
to create its classification based on data correlations, instead of assigning the classifications
beforehand.

2. At the time of the study, NSDUH 2019 was a more recent database with 56,137 entries and half of
the data size was used. DSM 5 is more current and is widely used by mental health professionals
in classifying SUDs.

3. The result of our study is an automated classification in terms of SUD based on DSM 5 and is
validated by a mental health professional.

The reason for choosing unsupervised machine learning over the supervised method is that
the data provided does not have class labels or target variables, in terms of SUD or non-SUD. The
unsupervised method therefore allows us to make classifications based on data correlations without
the need to predefine classifications before processing. If we had chosen to use supervised machine
learning, then we would have labeled the data beforehand. However, we do not have the necessary
information to be able to label correctly. Thus, unsupervised machine learning was the better choice.
Section 2 of this paper describes the proposed methodology of our study and Section 3 introduces
the materials and methods used. Section 4 focuses mainly on results and discussion while Section 5
outlines the analysis and machine learning interpretation of our results. The last section discusses the
main conclusion drawn from the study along with future recommendations.
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Table 1. Summary of related literature on the application of machine learning for substance use disorder.

Author & Year  Title (First Mental Machine Learning Dataset used
Three Words) Health Issue Model Used
Srividya et al.,, Behavioral Mod- State of men- Unsupervised Survey (20 questions),
2018 eling Mental tal health learning, = Super- Population 1: 300 sub-
vised learning, jects, Population 2: 356
SVM, Naive Bayes, subjects
KNN, Logistic
Regression
Tarekeng et al., Cross- No spe- Unsupervised Chronic diseases, Emo-
2018 Validation cific mental learning, K-means, tions, Yeast dataset
Approach health issue K-fold cross-
analyzed validation, RMSE,
MAPE
Stevens et al., Identification Autism Spec- Unsupervised 2400 children from
2020 Analysis Behav- trum Disor- learning, Hierarchi- community centers
ioral der cal clustering across the U.S.
Jing etal, 2020  Analysis of Sub- Substance Supervised learn- Recruited via adver-
stance Use Use Disorder ing, Random Forest tisement, public ser-

Mannes et al.,
2021

Mintz et
2021

al.,

Hayley et al,
2017

Correlates  of
Mild, Moderate

A Cascade of
Care for Alcohol

DSM-5
Cannabis
Use Disorder

(SUD)

Alcohol Use
Disorder
(AUD)

Alcohol Use
Disorder
(AUD)

Cannabis
Use Disorder
(CaUD)

Supervised learn-
ing, Statistical
analysis, = Multi-
nomial  Logistic
Regression

Supervised learn-
ing, Statistical
analysis, = Multi-
nomial  Logistic
Regression

Supervised learn-
ing, Logistic
Regression

vice announcements,
random digital calls,
posters; Age: 10-22
years

150 participants
(suburban inpatient
addiction treatment),
438 participants (ur-
ban medical center),
Age: 18+ years

150 participants
(suburban inpatient
addiction treatment),
438 participants (ur-
ban medical center),
Age: 18+ years
NESARC-III
(n=36,309),
18+ years

Age:

Abbreviations: ANN - Artificial Neural Network, DNN — Deep Neural Network, KNN — K-Nearest Neighbors, MAPE — Mean
Absolute Percentage Error, NESARC — National Epidemiologic Survey on Alcohol and Related Conditions, RMSE — Root Mean

Squared Error, SVM - Support Vector Machine.

2. Methodology

The flowchart in Figure 1 depicts the logical sequence of our proposed methodology, which has

four components: data, preprocessing, cluster analysis, and validation. The input to the methodology

is the raw data from NSDUH and the output is the unsupervised machine learning model.
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Figure 1. The framework showing our proposed model structure and the sequence of our approach where
preprocessing, cluster analysis, and validation algorithms were applied consecutively for each dataset.

3. Materials and Methods

In this section, we describe the tools and outline the process we used to derive the required output,
as outlined in the methodology.

3.1. Dataset

Data used for the study was obtained from a large online database containing critical details
regarding the use of illicit drugs, tobacco, and alcohol. The NSDUH database has publicly available
datasets and is a source of statistical information [13] which covers aspects of drug and substance
use while also providing questionnaires from the DSM to assess mental health disorders associated
with relevant addictive substances [12]. The questionnaire considered is based on the latest manual
which is the DSM-5 and was published in 2013. Data from N=56,137 subjects was collected for clinical
assessment, where each participant had to go through a psychiatric evaluation to diagnose their level
of SUD. The participants in the survey are adolescents aged 12 to 17 years old and adults aged 18 years
or older in the United States [34]. The method of data collection was random, as the questionnaire was
given to different families without prior knowledge of their exposure to illicit substances. Therefore,
their classification of either addicted or not addicted is not known. We considered variables from the
sections: self-administered substance use, risk availability for that particular substance, and substance
abuse and dependence. The last measure was used to diagnose the patients to find their level of SUD.
All the features have variable code names.

3.2. Data Preprocessing

Upon review of the large online dataset, it was noticed that the collection of data included ten
types of drugs plus alcohol, and tobacco but the main focus of this study will be on alcohol, marijuana,
and cocaine SUD. The relevant features included answers to the questionnaire and based on DSM 5
criteria for substance use disorder.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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3.2.1. Data Cleaning

This is a data treatment technique whose main purpose is to deal with missing data, in order to
avoid both bias and overestimation of the prediction accuracy in psychiatric research [22]. Most of the
features included missing data, indicating that some of the questions during the psychiatric assessment
were not answered by participants while some dropped out of the survey [14]. We observed that the
values in the dataset were missing completely at random (MCAR) because the probability of missing
data is not dependent on either observed or unobserved data [24]. Since our data type is MCAR, mean
imputation is necessary to prevent bias and keep variability between the input labels constant. This
will reduce the magnitude between the largest and smallest values of the sample.

3.2.2. Feature Correlation

Feature Correlation is performed on the raw data with complete information. This is the second
necessary step to find correlations of features from the raw data. The method here uses a linear
relationship between features which can help discard irrelevant and redundant data to improve
computational time [16,23].

3.2.3. Feature Scaling

Feature scaling puts the data into a range of values that will equalize the strength of each data
entry. This is the necessary third step that involves the computation of data values, with completed
information and devoid of redundant or irrelevant data. This method will standardize the varying
magnitude of the subject’s responses during the survey [17], to scale down the minimum and maximum
values to a common measure.

3.2.4. Dimensionality Reduction

This technique deals with high-dimensional and multivariate data [15] to visualize a multi-
dimensional space into a lower-dimensional space, e.g., 2D. This is the last necessary step in our
data preprocessing to help us with data visualization by considering only the two most important
components. There were 40 features for the alcohol and cocaine datasets and 35 features for the
marijuana dataset.

3.3. Cluster Analysis

We used three clustering techniques, namely, k-means, hierarchical, and DBSCAN. After per-
forming dimensionality reduction, we fed the data into these models to create 2-D visualization of
the results. According to [27], the clustering techniques can be of three types, namely, partitioning,
density-based, and hierarchical-based.

3.3.1. K-means Clustering

K-means is a partition clustering technique widely used due to its simplicity which remains one
of the best-distance-based algorithms. The sum of the squared Euclidean distance between the data
points and the centroid has to be minimized to allocate them to a cluster [18,27].

3.3.2. Hierarchical Clustering

We used agglomerative hierarchical clustering for this technique where each point is considered
an individual cluster initially until similar clusters are merged to form one big cluster. As with k-means,
we need a predefined number to obtain optimal clusters and we make use of the technique called
dendrogram that follows a bottom-up structure where each data point is initially an individual cluster.

3.3.3. DBSCAN

DBSCAN algorithm relies on the density of data-point distribution and uses two parameters
epsilon (eps) and minimum points (minPts) to identify the density of data and then classify data points
as either core point, border point, or an outlier [21].

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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3.4. Validation

To confirm our cluster results, we incorporated metrics in our study that checked for the prediction
accuracy and error deviation of our three algorithms. We used silhouette score for internal validation
and k-fold cross-validation, and root mean squared error for external validation.

3.4.1. Internal validation

The objective is to assess the quality of the clustering structure between the data itself and
help us choose the best clustering algorithm as it relies on the information presented in the data [9].
Silhouette score is used to evaluate clustering quality and how clusters compare to each other within
the algorithm.

3.4.2. External Validation

Here we assess the quality of the clustering by comparing observed cluster labels with predicted
labels [9,47]. The main objective is to determine whether a model can correctly classify the test variables
with similar characteristics.

4. Results and Discussion

In this section, we present graphical visualizations of our results from the three clustering al-
gorithms. We start with k-means, followed by hierarchical clustering, and DBSCAN. Our clustering
results showed similar visualizations across the three algorithms in classifying SUD for the three
substances, and are validated using silhouette score, k-fold cross-validation, and RMSE.

4.1. Alcohol Dataset

We proceed with k-means clustering using two clusters as shown in Figure 2. The structure
shows very tightly spaced data points within each cluster while a few are scattered around indicative
of a larger Euclidean distance from the mean. It is noted that the green cluster has a longer range along
the pcal axis compared to the red cluster, while the red cluster has a longer range along the pca2 axis
compared to the green cluster. The red cluster, being denser within its region, clearly suggests it is
most likely classified correctly. The more points present in the same region support the consistency
of the computed results, thus confirming the commonality of answers by several respondents. The
green cluster is less dense than the red cluster, but its denser region can be virtually recognized from
the graph. The reason for this is that the classification of SUD can be categorized into two major
classifications, with one classification consisting of the majority of the respondents. It is noted that the
region of the green cluster is around two-thirds the size of the red cluster which can be attributed to the
questions given to the respondents which are uniform, while the answers depend on the respondents’
experience. Thus, the cluster regions are defined by the features that are based on the answers to the
survey. However, the green region is lesser because it consists of fewer respondents whose answers
can be less diverse compared to when the respondents who provide much more information. On our
graph, the data points in the orange cluster are closer to each other and have shorter cluster distances.
We can say that the data points are dense and well-distributed throughout the entire range. We can
also say that the orange cluster consists of a much larger number of respondents compared to the
green cluster. For the green cluster, the data points near the boundary between the clusters are denser
but dispersed further along the x-axis. This can be attributed to the distances between the data points
in the green cluster which are larger compared to the distances between points in the orange cluster,
thus confirming that the orange cluster is much denser than the green cluster. For DBSCAN, the graph
visualization, in general, showed similar results to k-means and hierarchical clustering. The centroid
of the clusters and their boundaries are roughly similar in all three methods as shown in Figure 4.
However, in the results shown, there are four clusters with two major clusters that are similar in form
to k-means and hierarchical clustering. If we choose to have only two clusters in the DBSCAN, then
the results would be very much similar to k-means and hierarchical clustering.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 2. The figure represents k-means clustering for the alcohol dataset. The graph shows two distinct groups of
data points as per the elbow method.
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Figure 3. The hierarchical clustering for the alcohol dataset is shown indicating more data points in the orange
than the blue clusters.
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Figure 4. DBSCAN results for the alcohol dataset showing three distinct clusters with noise. The structure of the

data points distribution has not changed for all three algorithms.

The k-means clustering results for the marijuana dataset are shown in Figure 5. The red cluster
shows more data point distribution with a majority of dense data points compared to the green cluster.
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This algorithm finds it difficult to deal with outliers, explaining why they form part of the clusters.
As observed on the graph, a couple of data points are far from the centroid yet still classified under
respective groups. We can observe large intra-cluster distances and fewer data point density on the
orange cluster compared to the green cluster. The first data points are closely correlated but the
distances increase as we move up the hierarchy. The green cluster shows more data point distribution
and density with a wider range. Hierarchical clustering results for the marijuana dataset are shown
in Figure 6. In the figure, the clusters are clearly distinguished. The orange cluster has dispersed
data points with larger intra-cluster distances as only a few data points have minimal separation. The
cluster is less dense than the blue cluster which has more data point distribution, and less dispersion.
We can observe that this data is classified between two unique classes with the majority of respondents
belonging to the blue cluster. The results of hierarchical clustering show very similar results to that
of k-means. The DBSCAN results for the marijuana dataset are shown in Figure 7 with two major
clusters and four other minor clusters. In general, cluster classification is similar to k-means and
hierarchical clustering. The only difference is that the four minor clusters with centroids lying far from
the centroids of the two major clusters can be absorbed by them resulting only in two major clusters.
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Figure 5. Our k-means cluster results for the marijuana dataset are shown. The few points between the clusters
have greater Euclidean distance.
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Figure 6. Hierarchical clustering results for the marijuana dataset is shown. Unlike for k-means, the two clusters
are not bounded around 0.
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Figure 7. DBSCAN for the marijuana dataset is shown in the figure. There is no noise cluster meaning that we
have no outliers in the dataset.

4.2. Cocaine Dataset

The k-means clustering results for the cocaine dataset are shown in Figure 8. There is a clear
distinction between the two clusters and a much greater Euclidean distance. The red cluster indicates
a close relationship between its members as most of the data points are located around the centroid at
a much lesser distance. For the green cluster, the majority of the data points are far from each other by
some degree but still share similar characteristics. The major difference between these results and the
previous results for alcohol, and marijuana is that our clusters occupy a large scope/range of values in
the pcal and pca2 axis. The hierarchical clustering results for the cocaine dataset are shown in Figure
9. The cluster classification for this algorithm is similar to k-means clustering in terms of data point
density per cluster. The DBSCAN results for the cocaine dataset are shown in Figure 10 with two
major and four minor classifications. The clustering structure is similar to k-means and hierarchical
clustering, but the difference is that it has overlapping data points and groups. Overall, six clusters are
plotted on the graph. We can observe the minor clusters formed within these main clusters and their
centroids are closer to the centroids of the main clusters.
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Figure 8. The k-means clustering results for the cocaine dataset are shown with well-spaced clusters. The intra-
cluster distances however are more spaced in the green cluster.
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Figure 9. Hierarchical clustering for the cocaine dataset with a high density of points in the first cluster.
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Figure 10. DBSCAN for the cocaine dataset is clearly shown. The results indicate that many clusters are assigned
very close to each other.

4.3. Validation Results

Table 2 presents the validation scores obtained for each algorithm. We test the performance of the
three techniques for each dataset and outline the results as percentages. These metrics were used to
assess the cluster relationship, prediction accuracy, and error deviation.

Table 2. Internal and External validation scores: Classical algorithms.

Algorithm Dataset

Alcohol (%) Marijuana (%) Cocaine (%)
K-Means
Sil_score 72.5 78.7 63.9
K-fold 99.96 99.92 99.84
RMSE 4.0 0.0 6.0
Hierarchical
Sil_score 69.2 83.4 47.5
K-fold 99.97 99.96 99.63
RMSE 6.0 0.0 35.89
DBSCAN
Sil_score 97.7 97.6 93.1
K-fold 99.96 100.0 98.8
RMSE 0.0 0.0 15.16
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In the following paragraphs, we discuss the internal and external validation results obtained

using the classical methods.
The silhouette score obtained for k-means under alcohol dataset was 72.5% which means that the
clusters are separated and data points are assigned satisfactorily. Based on the prediction accuracy and
error, the performance of the model was very good as it managed to predict 99.96% of the possible
assignment of clusters for our test dataset with an error of 4%. We noticed a percentage reduction
for the silhouette score of 69.2% under hierarchical clustering compared to k-means while the error
deviation increased by 2% as referenced in Table 2. The prediction accuracy obtained was 99.97%
which remained the highest recorded for the three algorithms. The validation results for DBSCAN
under the alcohol dataset showed very impressive values for the three metrics, as we obtained 99.96%
and 0% prediction accuracy and error respectively with a silhouette score of 97.7%. Generally, the
performance of the clustering algorithms was much better under marijuana, as it recorded silhouette
scores of 78.7% for k-means, 83.4% for hierarchical clustering, and 97.6% for DBSCAN. The prediction
accuracy was 99.92% for k-means, 99.96% for hierarchical clustering, and 100% for DBSCAN while
the prediction error remained 0% for all three algorithms. Cocaine recorded the lowest silhouette
scores for k-means and hierarchical clustering which are 63.9% and 47.5% respectively. It also recorded
the highest prediction errors of 6% and 35.89% for the two algorithms. For DBSCAN, we obtained a
silhouette score of 93.1%, prediction accuracy of 98.8%, and prediction error of 15.16%. These results
indicated the worst performance overall under cocaine for intra-cluster correlation and error deviation.
The only approximately consistent scores are the prediction estimates for our model in which all
of them were at least 99.9% as presented in Table 2. We discuss, in the following paragraph, the
comparison of the internal and external validation results between the classical and state-of-the-art
methods.

As can be seen from the Tables 2 and 3, the state-of-the-art algorithm results are not far from the
results of the classical algorithms. It is notable that for the most part, the classical methods perform
better than the state-of-the-art. The interpretation is that state-of-the-art algorithms do not necessarily
result in better performance and that the results can also be dependent on the type of data that is
considered. In this case, the data gathered from the respondents in the survey related to SUD prove to
be processed better by the classical methods.

Table 3. Internal and External validation: State-of-the-art algorithms.

. Dataset

Algorithm
Alcohol (%) Marijuana (%) Cocaine (%)

K-Means++
Sil_score 78.7 83.4 95.56
K-fold 99.99 99.99 100
RMSE 0.0 0.0 0.0
BIRCH
Sil_score 68.7 61.2 96.6
K-fold 99.6 99.87 98.8
RMSE 8.9 8.0 15.12
HDBSCAN
Sil_score 38.2 23.7 37.1
K-fold 93.7 92.3 86.4
RMSE 75 19.5 57.4

5. Interpretation of Results

In this section, we discuss our interpretation of the data that is being modeled and analyzed using
machine learning. We present two types of interpretation: one that is based purely on the machine
learning model and another that is based on the interpretation by a mental health professional.
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5.1. By Machine Learning

The machine learning interpretations are based on the graph visualizations by outlining all the
observed trends in our clustering model. We compare the results by regions of the density of the
clusters, the range of coverage, and lastly by the boundaries between the clusters. In all the clustering
results, we observe two major classifications: a major cluster and a minor cluster. The major cluster
is a dense region and the minor cluster is a less dense region. We interpret the major cluster as the
behaviors of persons with no significant symptoms of SUD. In this case, they cover significantly large
variations of activities and are closely related to each other. We further interpret this as related to the
everyday activities of persons with no SUD which is significantly similar to others with no SUD. The
minor cluster is interpreted as the behaviors of persons showing symptoms of SUD. In this case, each
person has a unique response to SUD that somehow restricts them from performing normal activities,
such that these activities are significantly different from the other persons with symptoms of SUD.
This results in a less dense cluster because the person’s activities are now limited and are different
from others with SUD. We can observe that the major and the minor clusters of the alcohol dataset
are closest to each other compared to the major and minor clusters of marijuana and cocaine. The
distance between the cluster centroids is the smallest in the alcohol dataset compared to the other
two substances. Thus we can interpret that it is easier for a person to move from non-AUD to AUD
compared to moving from independence to dependence on marijuana or cocaine, and vice versa. We
can further interpret that the rehabilitation efforts needed for the person to become free from AUD
require the least efforts compared to CaUD or CoUD. The major and minor clusters of the marijuana
dataset are farther from each other compared to the alcohol dataset. The distance between the cluster
centroids in the marijuana dataset is more than the distance between the cluster centroids in the alcohol
dataset. We can interpret that, it is more difficult to move from non-CaUD to CaUD compared to
non-AUD to AUD, and vice versa. We can also say that an individual can become dependent or
independent from marijuana at a slower rate compared to alcohol. Furthermore, the behavior of an
individual dependent on marijuana is more distinct from normal behavior compared to alcohol. In
the cocaine dataset, the major and the minor clusters are farthest away from each other compared to
the alcohol and marijuana datasets. The distance between the cluster centroids is the largest in the
cocaine dataset compared to the other two substances. We can, therefore, interpret that, moving from
non-CoUD to CoUD is the most difficult compared to moving from non-AUD to AUD or non-CaUD to
CaUD, and vice versa. Thus, one can become dependent or independent on cocaine at the slowest
rate compared to alcohol and marijuana. These interpretations could mean that the rehabilitation
efforts needed for the person to become free from SUD will take the biggest efforts in the case of CoUD,
followed by CaUD, and lastly AUD. For the alcohol dataset, we can observe that the major cluster
behaviors have a wider coverage compared to the minor cluster. Based on this observation, we can
interpret that the major cluster has a wider range of everyday activities and consists of normal people’s
behavior who are non-users, moderate users, or low-risk users of alcohol. We can conclude that these
individuals have no significant symptoms of AUD because their everyday behavior is not affected by
alcohol. The minor cluster behaviors have a lesser range of coverage compared to the major cluster. It
consists of people affected by alcohol dependence resulting in a lesser range of everyday activities.
These individuals include extreme binge drinkers or heavy drinkers who are projecting symptoms
of AUD because their behavior is limited due to the effects of alcohol. At the boundary between the
clusters, lie the behavior of people who can swing from independence to dependence on alcohol, and
vice versa. The behaviors at the boundary of the major and the minor clusters consist of individuals
who may have large alcohol consumption but are not considered dependent or are not very dependent.
This drinking pattern is normally found in binge drinkers. In the marijuana and cocaine datasets, we
can also observe a wider range of coverage in the major clusters and a smaller range of coverage in
the minor clusters. We can thus, interpret that, the major clusters have a wider range of activities that
consist of normal people’s behavior. These individuals may be regarded as non-users or low-risk users
of marijuana or cocaine and have no significant symptoms of CaUD or CoUD. The minor clusters have
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a smaller range of activities and can be interpreted as the behaviors of people affected by marijuana
or cocaine dependence, who are showing symptoms of CaUD or CoUD such that their everyday
activities are constrained within a lesser range. Comparing all three substances, we can observe that
the region for CaUD covers the widest range, followed by AUD, and lastly CoUD. We can say that
the behaviors of people with CaUD are the least restrictive such that, their everyday activities are the
least constrained. This makes individuals with CaUD more functional and their behavior is closer
to people with no SUD, compared to people with AUD or CoUD. Thus the manifestation of SUD is
less obvious with CaUD, followed by AUD, and the most obvious manifestation of SUD is CoUD.
Our results complement the existing research that risk perceptions related to the use of marijuana are
becoming more non-restrictive across all ages, especially in adults, emerging adults, and middle adults
[44]. In addition, we can also observe that the distance between the cluster boundaries in the alcohol
dataset is the least, followed by marijuana, and lastly cocaine. We can say that the behaviors of the
people at the cluster boundaries of AUD and non-AUD are similar to each other. Thus, it is difficult to
distinguish AUD and non-AUD behaviors at the boundaries. The distance at the cluster boundaries of
the marijuana dataset is farther compared to the alcohol. This means that the behaviors of people at the
cluster boundaries of CaUD and non-CaUD are more distinct compared to alcohol dataset. Thus, the
difference in the behaviors of CaUD and non-CaUD is observable. And lastly, the distance at the cluster
boundaries of the cocaine dataset is farthest compared to alcohol and marijuana. This shows that the
behaviors of people at the cluster boundaries of CoUD and non-CoUD are the most distinct compared
to alcohol and marijuana. Thus, the difference in behaviors is most observable between CoUD and
non-CoUD compared to the two other substances. We concluded that in the DBSCAN results for the
alcohol dataset, the smallest cluster represents respondents with severe symptoms of AUD who can
be regarded as heavy drinkers, while for the DBSCAN results in the marijuana, and cocaine datasets,
participants are projecting heterogeneous symptoms for potential poly-substance use disorder. This
is because a study by [43] suggests marijuana dependence and cocaine dependence are related to
the increased likelihood of binge drinking. It is also possible that our model has detected potential
endophenotypes for CaUD and CoUD since according to [28] both of these drugs are heritable by at
least 50%. Our approach contributes to mental health disorders through a computational model that
automatically classifies people with or without SUD, which is validated by a mental health professional.
This tool can help supplement psychiatric evaluation to speed up the diagnostics process and perform
the necessary interventions accordingly. In addition, we provided an analysis of the severity of the
SUD for each substance and how to possibly manage interventions. Lastly, our model is also able to
discover patterns of mental health disorders that may be related to the degree of severity of SUD or
poly-SUD.

5.2. By a Mental Health Professional

Machine learning results point to different patterns in the classifications of substance use disorders
(i.e., the group classified as addicted) when examining alcohol, marijuana, and cocaine in the NSDUH
data. The major cluster behaviors are closely related to each other, pointing to people not meeting
the criteria for DSM-5 SUD. Individuals may not meet the criteria due to no history of substance
use, and alternatively, one may have a history of substance use but not meet the criteria for SUD.
In the minor cluster, the behaviors of people are not as closely related as the behaviors of people in
the major cluster. This is because individuals with SUD may engage in a variety of behaviors, as
reported in the NSDUH, that would align with meeting the criteria for a given SUD. Compared to
marijuana and cocaine, alcohol is a commonly used substance, and there is considerable engagement
in alcohol use behaviors among those who drink. There is greater variability in the behaviors (e.g.,
tolerance, withdrawal, and negative consequences of alcohol use) among those who do or do not
meet the diagnostic criteria for AUD. In this sense, individuals may modify patterns of alcohol use
more readily (relative to the other two substances), which in turn affects whether or not they meet
the diagnostic criteria for AUD. This is to say, individuals can consume alcohol to varying degrees,
but consumption alone does not determine whether someone meets the diagnostic criteria for AUD.
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In the case of marijuana, a greater proportion of individuals who report using marijuana will meet
the diagnostic criteria for CaUD relative to those reporting alcohol use and meeting the diagnostic
criteria for AUD. The NSDUH assessments demonstrate a greater alignment between behaviors and
meeting the diagnostic criteria for CaUD. Individuals using higher levels of marijuana are more likely
to meet the diagnostic criteria for CaUD than those using alcohol at higher levels. Compared to alcohol
and marijuana, individuals using cocaine are more likely to meet the DSM-5 criteria for Stimulant use
disorder. Cocaine is associated with a greater likelihood of DSM-5 Stimulant use disorder criterion
relative to alcohol or marijuana, which may be due to the differences in the psychopharmacological
properties between the three substances. In conclusion, we can say that individuals can engage in a
greater range of alcohol behaviors, and some will meet the DSM-5 criteria for AUD while others will
not. Relative to alcohol, those using marijuana at higher rates will be more likely to meet the DSM-5
criteria for CaUD. Furthermore, individuals using cocaine will be more likely to meet DSM-5 criteria
for stimulant use disorder compared to those using alcohol or marijuana.

6. Conclusions

This paper has presented a model for examining the extent of substance use disorder using
data from the National Survey on Drug Use and Health online database that is based on DSM-5
criteria for SUD. We used unsupervised machine learning using three algorithms, k-means, hierarchical
clustering, and DBSCAN. These algorithms result in consistent clustering of two major clusters, namely,
respondents with substance use disorder and without substance use disorder. Based on the results of
data visualization, we analyze and interpret the point of view of machine learning. The interpretation
based on numerical results is validated by a mental health professional. For future work, we plan to
implement the proposed methods to understand the cognitive and neurobiological activity of potential
SUD individuals.
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