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Abstract: The mounting tragedy of drug overdose deaths poses a critical public health issue
globally. In this paper, patterns and drivers of fatal accidental overdoses from drugs are explored
utilizing an extensive dataset named “Accidental_Drug_Related_Deaths.csv” containing 11,981
observations with demographic and substance factors. Employing exploratory data analysis and
data mining methods, the research reveals primary trends in substance abuse, demographic risk,
and regional clustering of drug-overdose mortality. Our findings indicate that opioids, including
fentanyl, heroin, and cocaine, are among the most lethal drugs with varied impact on varied ages.
Of concern is that unusual incidents in very old and young individuals hint at age-based risk due
to unintentional intake or misuse of drugs. Besides, frequent patterns of overdose among residential
spaces such as Hartford suggest socio-environmental risk and absence of rehab centers. The results
of this study aim to inform health authorities, policymakers, and community leaders in how to
develop more efficient prevention, treatment, and enforcement strategies to stem the drug overdose
crisis.
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1. Introduction

The escalating rate of drug overdose mortality has emerged as a global issue plaguing society
indiscriminately. Aside from the irreversible emotional loss to families and individuals, these
fatalities impose significant costs on healthcare systems, social services, and law enforcement
agencies. The trend of rising overdoses is a reflection of more serious and entrenched issues within
society such as drug use, co-occurring mental illness, and socio-economic inequities [1].

Substance abuse has an impact on not only people but communities themselves. It is associated
with increased crime, lower productivity in work, and greater healthcare costs. United States statistics
indicate that illicit drugs such as fentanyl, heroin, and cocaine are most frequently involved with
drug overdose fatalities that are unintentional, while prescription drugs such as oxycodone,
diphenhydramine, hydrocodone, and alprazolam are most frequently responsible for overdose
suicides [2](see Figure 1 and Figure 2).

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 1. — Overdose death by drug type, U.S.

Trends in drug use and overdose are worth noting for prevention. Timely and targeted
interventions have the potential to reduce mortality significantly. By understanding which drugs are
most commonly involved in overdoses that lead to death, treatment resources can be allocated more
effectively by health officials and targeted public health awareness campaigns can be launched.
Similarly, policymakers can establish proactive policies to buffer vulnerable populations, enhance
access to mental health services, and implement more stringent controls on the prescribing of high-
risk prescription drugs.

Drug overdose death rate by drug tvpe, United States, 1999 o 2020

Annual number of deaths in the United States from drug overdose per 100,000 people.
Overdoses can result from intentional excessive use of a substance, but can also result from "poisoning’ where
substances have been altered or mixed, such that the user is unaware of the drug's potency.
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Data source: US Centers for Discase Control and Prevention WONDER QurWorldinData.org/illicit-drug-use | CC BY
Note: Opioids include prescription pain-relief drugs; synthetic opioids, excluding methadone; and other opioids, such as heroin.

Figure 2. - Fentanyl related Drug Overdose, Ohio.

Demographics such as age, sex, ethnicity, and geographic location also influence these trends.
Middle-aged white males, for example, have been consistently identified as being most at risk of
opioid-related death. Such demographic speculation, however, must be supported by rigorous data
analysis to avoid misperceptions and foster effective policy reactions. In this regard, the present study
applies state-of-the-art data mining techniques to analyze drug overdose patterns. The objective is to
uncover useful knowledge that can inform the response to the present crisis and lead to more focused
and evidence-based public health and drug policy responses.

2. Literature Review
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The increasing epidemic of drug overdose death has been the subject of widespread focus in
public health literature, with numerous studies attempting to account for trends and underlying
determinants fuelling the epidemic. Strong understanding of demographic and drug-specific trends
is paramount for the design of targeted interventions|3].

Monnat (2023) mentions that between 1999 and 2020, US mortality rates from drug overdose
increased by 445%, and the number one cause was opioids. Analysis discovers that overdose was
highest among young and middle-aged White and American Indian men and middle-aged and older
Black men. Geographically, regions such as Appalachia perennially experienced elevated overdose
rates, but the epidemic has since penetrated into other locations and infected residents of both rural
and urban populations. This means the epidemic was pervasive and called for regional
intervention[4-7].

The nature of drugs responsible for overdose deaths has evolved over time. The crisis was
initially dominated by prescription opioids, followed by heroin and then synthetic opioids like
fentanyl more recently. Fentanyl’s potency, which is approximately 50 times that of heroin, has been
a factor in its contribution to overdose death. Its financial advantage to illegal drug manufacturers
has led it to be widely adulterated in the majority of drugs, quite frequently without users being
aware, hence their overdoses becoming likely to be fatal [8-11].

Aside from individual actions, structural determinants are also at the centre of the overdose
crisis. Economic recession, unemployment, and decreased social cohesion have been associated with
more substance abuse. According to the authors view, points out that localities undergoing economic
decline, such as those relying on sectors like mining and manufacturing, are most vulnerable to
higher rates of overdose. Such evidence indicates that the reduction of socioeconomic inequalities is
part of solving the overdose epidemic[12-16].

3. Dataset Description

The dataset employed in this study, titled “Accidental_Drug_Related_Deaths.csv”, includes
11,981 instances and 48 attributes with extensive details regarding individuals who have lost their
lives from accidental overdoses of drugs of various geographic origins. It includes a comprehensive
list of demographic attributes such as date of death, age, sex, race, and location, as well as substance-
specific information regarding drugs such as heroin, fentanyl, cocaine, and other widely abused
drugs. Spreading over many years, the data set is a rich time-series material for investigating trends
and finding factors that cause drug-related deaths. Tabular in form, the data set is particularly
amenable to Exploratory Data Analysis (EDA) and use of data mining algorithms such as clustering,
classification, and association rule mining. These analytical strategies facilitate the detection of
nonobvious patterns and substantial associations that assist in contributing to the development of
informed public health policy and policymaking decision advice.

The dataset also has some columns relating to the material details that cause drug-related
fatalities, for example, Heroin, Cocaine, Fentanyl, Fentanyl Analogue, Oxycodone, Oxymorphone,
Ethanol, and so on. In each one of these columns, the indication of a “Y” value indicates that the
particular substance was present in the individual’s body at the moment of death, while an empty
cell indicates the substance was absent.

3.1. Understanding the Data Type of All the Attributes:

To get a clear view of the structure and composition of the dataset, the data.info() function was
run. The function provides a brief overview of all the attributes and their respective data types.
Through the analysis, 47 attributes were identified to have the “object” data type, i.e., they are
categorical, and only one attribute — Age —with the “float64” data type, i.e., numerical. It is important
to distinguish between categorical and numerical data types as it directly affects the selection of data
preprocessing methods to be used. Knowledge of data type also makes different data mining
algorithms compatible and analysis performance is optimized. Visual summaries of the classification
of this attribute are presented in Figures 1.6.1 and 1.6.2.
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Non-Null Count

non-null
non-null
non-null
non-null object
non-null object
Ethnicity 2565 non-null object
Residence City 11385 non-null object
Residence County 10721 non-null
Residence State 9993 non-null
Injury City 11803 non-null
Injury County 8647 non-null
Injury State 8952 non-null
Injury Place 11623 non-null object
Description of Injury 11174 non-null object
Death City 9197 non-null object
Death County 8090 non-null object
Death State 6873 non-null object
Location 10632 non-null object
Location if Other 1194 non-null object
Cause of Death 11981 non-null object
Manner of Death 11972 non-null object
Other Significant Conditions 1199 non-null  object
Heroin 3578 non-null  object
Heroin death certificate (DC) 740 non-null object
Cocaine 4578 non-null object
Eentanvl 20449 non-null _ ohiect

Figure 1. Overview on the datatype of attributes.

3.2. Finding Missing Values Of The Attributes:

For further assessment of the quality of the dataset, missing values were identified using
data.isnull().sum() function. This counts missing values by each attribute and shows potential data
gaps that can affect analysis. Identification and addressal of missing values are essential in data
integrity preservation and accuracy of analytical results. Skipping this process will result in skewed
outcomes or faulty predictions in data mining. Three of the features—Date, Date Type, and Cause of
Death —were observed to have zero missing values in this dataset, as shown in Figure 1.7. Missing
values were found in the remaining features, which must be treated appropriately. These missing
values would greatly impact follow-up tasks such as data visualization and model training, leading
to possibly incorrect patterns, misleading conclusions, or model performance errors if not handled
properly through techniques such as imputation or data deletion.

missing values = data.isnull().sum()

missing summary = pd.DataFrame({
tribute': missing values.index,
‘Missing Values': missing values.values

print(missing summary)

Figure 1. 7 — Python code to display missing values.

Attributes Missing Values
Date 0

Date Type 0

Age 2

Sex 9

Race 57

Ethnicity 9416

Residence City 596

Residence County 1260
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Residence State 1988
Injury City 178
Injury County 3334
Injury State 3029
Injury Place 358
Description of Injury 807
Death City 2784
Death County 3891
Death State 5108
Location 1349
Location if Other 10787
Cause of Death 0
Manner of Death 9
Other Significant Conditions 10782
Heroin 8403
Heroin death certificate (DC) 11241
Cocaine 7403
Fentanyl 3932
Fentanyl Analogue 11007
Oxycodone 10965
Oxymorphone 11819
Ethanol 8780
Hydrocodone 11812
Benzodiazepine 9264
Methadone 10903
Meth/Amphetamine 11854
Amphet 11550
Tramad 11679
Hydromorphone 11904
Morphine (Not Heroin) 11922
Xylazine 10903
Gabapentin 11512
Opiate NOS 11854
Heroin/Morph/Codeine 9779
Other Opioid 11759
Any Opioid 3034
Other 11195
ResidenceCityGeo 167
InjuryCityGeo 257
DeathCityGeo 1

To analyze the patterns of distribution of the dataset, the data.describe() method was utilized.
This method returns a statistical overview of the dataset, providing vital information regarding its
structure and features. It calculates descriptive statistics like count, mean, standard deviation,
minimum, maximum, and quartile values. By default, data.describe() gives statistics for numerical
attributes only—here, “Age” —because categorical variables do not provide measures like mean or
standard deviation. This summary is also utilized in outlier or anomaly detection, as extremely high
or low values are emphasized in the presence of unbalanced data.
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To find out the shape of the distribution of the “Age” attribute, the data[’Age’].skew() function
was utilized. Skewness is utilized to find out whether the data is normally distributed or skewed. If
the skewness is approximately 0, the distribution is normally distributed, while a positive or negative
skewness means right and left skewness, respectively. The calculated skewness value of the “Age”
attribute is 0.0519, which indicates the data is approximately normally distributed. Such a realization
is essential in selecting relevant statistical models and preprocessing techniques to be used for further
analysis.

4. Methodology

4.1. Data mining Technique

This method outlines the application of various data mining techniques for analysis of drug
overdose cases involving drugs. This enables the identification of the most important patterns, risk
factors, and harmful drug interactions that cause overdose occurrences. By the application of various
analysis approaches, this technique yields comprehensive insights that can be applied to public
health intervention and policy development.

4.2. Outlier Detection

The initial target focuses on identifying the youngest and oldest ages of overdose victims using
outlier detection techniques. Such individuals are statistically rare in these datasets and may thus be
labeled as outliers. Boxplot analysis and the Z-score technique are the two significant methods used:
the former provides a graphical visualization of the distribution of ages and indicates outliers beyond
the interquartile range, whereas the latter measures the age values that are distant from the mean
quantitatively. These hybrid techniques both visually and statistically present proof of anomalies
and, therefore, can be helpful in the identification of outliers in the data.

Detecting Outliers with z-Scores
Inter Quartile Range
(IOR) Not unusual

Outliers Outliers
L I e e
Moderately Moderately
unusual unusual
zllln";l:r:]QR Q1 Mediai Muximur:: Outliers / Outliers
—1.5 Q3 Q3+1.5*IQR ‘

(25" Percentile) (75" Percentile) z=-3 z=-2 2z B 1 = X 0 z=1 z=2 z=3
Figure 2. 0 — Visual representation of Boxplot and Z-score Method.

4.3. Association Rule Mining

The second objective aims to identify the most frequent substances causing overdose deaths by
association rule mining. Apriori or FP-Growth algorithm is applied to identify patterns and
correlations between drugs in overdose cases. These methods are effective in identifying harmful
combinations, such as fentanyl and heroin. The resulting clusters provide valuable information that
can be utilized to assist health officials in policy formulation, prioritization of the rehabilitation
services, and awareness programs targeting high-risk drugs.

4.4. Clustering

In the third objective, the technique employs clustering algorithms to examine the variations in
fentanyl, heroin, and cocaine consumption by age groups. Specifically, K-Means and Hierarchical
Clustering algorithms are used to cluster individuals based on age and the drug taken. K-Means
allows one to identify independent age-based groups with the same consumption patterns, while
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Hierarchical Clustering allows one to identify shifting trends and patterns over time. This analysis
allows for planning targeted, age-specific interventions aimed at preventing drug abuse.

Hierarchical Clustering Dendrogram

w
L

Distance

N
s

2 0 1 4 3 5
Data point

Figure 2. 1 — Visual representation of Hierarchical Clustering.

The fourth objective expands the use of clustering to identify neighborhoods with high rates of
overdose events. K-Means clustering of geospatial data permits areas of high drug overdose rates to
be mapped and clustered. This facilitates locating high-risk areas and directing focused public health
interventions, strategic law enforcement, and the establishment of rehabilitation centers in areas of
greatest need.

A key part of this process is data preprocessing, which ensures maximum data quality and
relevance. The process involves several sub-processes. During data cleaning, irrelevant columns with
high missing values, such as “Ethnicity” or “Cause of Death,” are eliminated, and missing values are
handled accordingly. Duplicate records are eliminated, and columns are renamed or reshaped to be
consistent. Data integration entails the application of correlation heatmaps to identify statistically
important features of relationships between drug-related and demographic variables with a view to
reducing redundancy. Lastly, data transformation comprises feature engineering, i.e., extracting
geographic coordinates, and standardization, particularly of the “Age” column, to ensure consistent
numerical input across all analyses.

Before K-Means After K-Means
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Figure 2. 2 — Visual representation of K-Means Clustering.

Lastly, this methodology provides a systematic and effective drug-related overdose data
analysis framework. Through the integration of outlier detection, association rule mining, clustering,
and data preprocessing, the framework ensures proper and reliable data. These approaches
integrated as a whole shed light on overdose trends, enabling stakeholders to develop well-informed
evidence-based interventions for avoiding drug-related fatalities.
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5. Implementation Of Data Preprocessing

Data preprocessing is a critical step in any data analysis workflow as it significantly enhances
the quality and accuracy of data by removing problems such as faults, outliers, redundancies, and
missing values. It further includes generating new features or knowledge that may contribute to
improved analysis. It's one of the main reasons why preprocessing is required, the way that it protects
the integrity and usability of the dataset for the task at hand. Poor-quality data can result in biased
outcomes, erroneous models, inefficient use of resources, and wasted time spent on corrections much
later down the analysis pipeline (LinkedIn, 2024). By preparing and cleansing the dataset,
preprocessing sets a strong foundation for good and explainable machine learning and artificial
intelligence models.

5.1. Data Cleaning:

Dropping Columns and Handling Missing Values:
(i) Dropping columns:

df = pd.read_csv("A

idental Drug Related Deaths.csv")

df .drop(
labels=["Other Opioid","Ethnicity","Location if Other","Cause of Death", "Any Opioid", "
axis=1,
inplace=

Figure 2. 3 — Python code for dropping specific columns.

Removing particular columns from a dataset is usually done to get rid of redundant or
unnecessary data that can make the analysis or model training process more difficult. Eliminating
these columns can improve computational efficiency by drastically reducing the quantity of data that
must be processed. From the dataset “Accidental_Drug_Related_Deaths.csv”, certain columns such
“Ethnicity”, “Other opioid”, etc contained a lot of missing values and redundant data that had to be
dealt with in order to reduce hindrance to the analysis.

Handling missing values:

or column, fill value in missing fill_values.items():
if column in data.columns:
df[column] = df[column].fillna(fill_value)

Age" in df.columns:
df["Age"] = df["Age"].fillna(df["Age"].median())
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Figure 2. 4 — Python code for handling missing values.

Missing data is feasible as a result of a variety of reasons, which range from human error in
gathering the data to limitation in the methodologies of data collection[17-19]. Missing data is
capable of undermining the accuracy and validity of statistical computation. Proper handling of
missing values is required since most machine learning algorithms will stop functioning when the
datasets contain missing values. Without addressing missing data, it can result in a biased machine
learning model with false conclusions (Tamboli, 2021). Missing values in some columns were filled
in with “Unknown” or “Not Specified,” but missing values in column “Age” were filled with the
median. This is because the skewness of the “Age” column is nearly symmetric, and therefore the
median is a well-balanced and suitable replacement that does not skew the dataset[20-22].

In the substance data, the missing values have been utilized in order to display that a given
substance was not available. Missing cells were populated with “N/F” as a way to represent that the
substance was lacking in the individual. This way, the information is consistent and complete and
there is no disturbance caused by inconsistent and incomplete information.

5.2. Handling Duplicates

Duplicates in the dataset can lead to bias and redundancy, which can skew the analysis and
model performance. Duplicates were identified using the duplicated() function, which was used to
find and tally any duplicates in the rows. In the case of duplicates found, they would be examined
and eliminated in order to provide a purer and more precise dataset. There were no duplicates
present in the dataset in this case, which assured its accuracy and eliminated the risk of redundant

duplication.
| ‘ | Heroin| Heroin death certificate (DC) |Cocaine|FentanyI
Race i City i County Injury City Injury County

Black STAMFORD FAIRFIELD STAMFORD Unknown N/F N/F i N/F
White NORWICH NEW LONDON NORWICH Unknown Y N/F N/F N/F
White HEBRON Unknown HEBRON Unknown
White BALTIC Unknown Unknown Unknown Y N/F N/F N/F
White SHELTON FAIRFIELD SHELTON Unknown Y N/F N/F N/F
White BLANDFORD HAMPDEN ENFIELD HARTFORD
White DANBURY FAIRFIELD DANBURY Unknown N/F N/F N/F Y
White MILFORD NEW HAVEN MILFORD NEW HAVEN
Unknown Unknown Unknown HARTFORD HARTFORD N/F N/F b N/F
White BETHEL FAIRFIELD BETHEL Unknown N/F N/F N/F N/F
White MERIDEN NEW HAVEN UNKNOWN Unknown
White MANSFIELD TOLLAND MANSFIELD Unknown N/F N/F N/F N/F
White IVORYTON MIDDLESEX IVORYTON Unknown N/F N/F Y N/F
White BETHANY NEW HAVEN UNKNOWN Unknown
White ENFIELD Unknown ENFIELD Unknown Y N/F N/F N/F
White MERIDEN NEW HAVEN MERIDEN Unknown N/F N/F N/F Y
White SANDY HOOK FAIRFIELD UNKNOWN Unknown
White BRISTOL HARTFORD BRISTOL Unknown

h K Y N/F N/F N/F
White WATERFORD NEW LONDON WATERFORD Unknown % Y N/E N/E

Figure 2. 6 Filled columns after handling missing values.

5.3. Removing Whitespaces

Whitespace in dataset entries leads to errors and discrepancies, especially when comparing
values, conducting searches, or merging datasets. In order to eliminate this, regular expressions were
applied to replace space characters used in row entries with underscores and remove multiple spaces
used in column values[23-25]. This yields a cleaner and consistent dataset, which will be easier to
compare and process data. Column renaming is one of the most important steps in making the dataset
more usable and readable. For instance, the “Location” column has been renamed to “Death Place”
to define the meaning of the column clearly. This step simplifies data interpretation and prevents
misunderstandings, especially when big datasets are being used in collaborative research or machine
learning[26-28].
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5.3. Detecting Outliers

It is necessary to detect outliers since outliers can skew statistical analysis and create misleading
results. The Interquartile Range (IQR) method was used to identify outliers in the “Age” column by
calculating the IQR and creating lower and upper thresholds for determining values that fall beyond
the expected range. Outliers, such as extremely young or old victims, were recorded, helping to
delineate reliable data points from potential anomalies that would require further inspection.

5.4. Data Mapping

Data mapping is an essential preprocessing step which offers consistency and standardization
in the dataset. Data mapping consists of resolving variable differences in categorical variables,
normalizing inconsistent values, and renaming the columns for clarification. For example, the
variations in the “Race” column, i.e., “Asian/Indian” and “Asian Indian,” were standardized to
“Asian,” and both “Black” and “African American” were also subsumed under “Black.”
Additionally, the “Death Place” column was standardized to “Decedent’'s Home.” For number
uniformity, missing values in drug details were imputed as 0 for no drug, while drug present was
indicated by 1. Non-numerical values were made into integers for simplicity in analysis. These
adjustments set the dataset for improved statistical modeling and pattern recognition[29-31].

Lastly, the code snippet in the “Description_of_Injury” column described how mapping was
employed to normalize categories such that inconsistent descriptions are substituted with
normalized labels such as “Reason Unknown” in case of no match or with fixed categories being
applied to the descriptions of injuries based on the data available. Such preprocessing renders the
dataset clean, formatted, and ready for efficient analysis[31].

5.5. Data Integration

Data integration is the activity of collecting data from disparate sources and realizing
consistency between datasets. Among its crucial tasks is handling redundancy in order to improve
data quality and minimize the noise that can disrupt analysis.

5.6. Redundancy Management using Correlation Heatmap

A correlation heatmap is a graphical representation that is employed to illustrate the direction
and strength of relationships between variables. It represents correlation coefficients in each cell, with
values ranging from -1 to 1. A value of 1.0 shows a perfect positive correlation—both variables rise
together —while 0.0 shows no correlation, and -1.0 shows a perfect negative correlation—one rises
while the other falls. The heatmap helps to identify relationships and patterns in the data and can be
used in data summarization as well as a diagnostic tool for more sophisticated analyses.

Diagonal 1.0 values in the correlation heatmap reflect perfect self-correlation. Dark red colors
represent strong positive correlations, and dark blue colors represent strong or weak correlations. Of
particular interest is strong correlation (0.67) between Heroin and Heroin/Morph/Codeine, which
implies that they have a tendency to co-occur. A moderate negative correlation (0.39) between Heroin
and heroin-related death certificates reflects the drug’s frequent involvement in overdose fatalities.
Cocaine and Fentanyl, however, have a weak negative correlation (-0.15), which reflects a weaker
correlation between their occurrences.

e 1.0 — Perfect positive correlation (both increase together)
e 0.0 — No correlation (no relationship)
e -1.0 — Perfect negative correlation (one increases, the other decreases)
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Correlation Heatmap
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UELIE 015 016 1.0( ) 011 010 011 0.04

Fentanyl Analogue 1 100 0 X 0.00

Oxycodone 0.12 0 1 1 0.13 1 0 0.01

Oxymorphone 011 0.02 ﬂ 100 [000 1 0.00 -0.6

Ethanol 000 001 000 10¢ 0.04

Hydrocodone 002 005 001 100 1 0.01
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Methadone 0.11 0.02 001 S 1 0.05

Meth/Amphetamine 0.01 0.03 0.00 X 01028 100 0.02

Amphet 0.01 001 0.01 . 0.00 100 0.04

Tramad 0.03 0.00 0.01 0008 100 003

Hydromorphone 0.04 0.02 000 000 001 1.0 0.02

Morphine (Not Heroin) 005 009 2 1 0.00 000 001 001 000 1( 0.02
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Gabapentin 001 0.00 000 004 005 002 004 003
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Figure 3. 4 Correlation Heatmap for Handling Redundancy.

5.7. Data Transformation

Feature engineering is the method of creating new variables from existing ones to enhance model
performance. Regular expressions are used here to extract latitude and longitude from the
ResidenceCityGeo, InjuryCityGeo, and DeathCityGeo columns. These are stored in new columns to
facilitate spatial analysis of drug overdose deaths. The process entails handling missing data by
making “Unknown” records without geographic data and extracting coordinates where present. This
conversion is required for regional trend analysis, refining geolocation-based forecasts, and enabling
better data visualization. The dataset is processed and stored for future analysis.

5.8. Standardize “Age” Column

Standardizing the Age column is important to ensure uniformity in numeric data and integrity
of the model with accurate figures. It converts the figures in every row in the column to mean 0 and
standard deviation 1. Initially, the Age column is converted into numeric format and non-numeric
entries replaced with NaN. Missing values are filled with the most common entry (mode) for dataset
integrity. The normalized values are then calculated using sklearn’s StandardScaler and inserted into
a new column named Standardized_Age without altering the original data. It helps to minimize bias,
improve computational speed, and render data easier to interpret for subsequent analysis.
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5.9. Data Visualization and Interpretation

Data visualization aids in revealing patterns, insights, and trends not easily seen in raw data
sets. This section of the work compares visualizations from the raw data set
(“Accidental_Drug_Related_Deaths.csv”) with visualizations from the preprocessed data set
(“Final_Accidental_Drug_Deaths.xlIsx”), and highlights the benefit of preprocessing.

BEFORE PREPROCESSING:
Boxplot for Outlier Detection
<4—— | WHISKERS
<—
OUTLIER
10 20 30 40 As;)e 60 70 80 920
AFTER PREPROCESSING:

Youngest and Oldest Victims in Overdose Cases
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1000 A
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5.10. Identifying the Youngest and Oldest Victims of Overdose Cases

Before preprocessing, a boxplot was used to see the age distribution and identify outliers. A
histogram after preprocessing revealed a more accurate distribution by removing anomalies. The raw
data contained one significant outlier (age 87) and some minor anomalies. The cleaned histogram
clarified that most overdose victims were between the ages of 40 and 50 years, suggesting middle-
aged individuals are most vulnerable. The cleaned data also showed that overdoses in individuals
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younger than 20 and older than 70 are rare but do occur, highlighting the need for age-inclusive
intervention strategies.

(2) Identifying the Most Common Substances in Drug-Related Deaths

A bar plot of the raw data revealed high frequencies of drugs such as Fentanyl, Heroin, and
Cocaine. This plot was tainted by redundant or missing values, however. A dual-bar plot with binary
encoding (1 for presence, 0 for absence) following preprocessing gave a clearer visualization of drug
frequencies. It reaffirmed that Fentanyl is the most common substance in overdose deaths, followed
by Heroin and Cocaine. Prescription drugs like Oxycodone and Benzodiazepines were less common
but still figured in many cases.

BEFORE PREPROCESSING:
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Identifying the Most Common Substances in Drug-Related Deaths (Dual-Bar Chart)
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(3) Fentanyl, Heroin & Cocaine Use by Age Group

Before data cleaning, a stacked bar chart had shown that overdose cases were most common in
the age bracket 31-60, although discrepancies in age records affected relative reliability. After
preprocessing, a line chart provided a better idea of the consumption of substances across age groups.
The trend confirmed drug use peaking at the 30-50 age bracket and declining after 60. Fentanyl
topped drug use at every age bracket, followed by Heroin and Cocaine, which were popular among
young adults. The trend shows that preventing drugs should be targeted towards middle-aged
groups.

(4) Analysis of Repeated Overdose Cases from Residence Locations

Next, a bar graph with the “Residence City” column revealed the top 20 most populated cities
with the greatest number of overdose cases. However, inconsistencies such as missing values and
invalid entries like “CT” affected interpretation. After preprocessing, a pie graph gave a general idea
of the percentage of overdose cases by city. It further showed clearer geographic spread with even
12% of the information still placed in “Unknown.” The picture reemphasized the relevance of better
geography marking to map out high-risk areas and make intervention more geographically targeted.
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BEFORE PREPROCESSING:
Fentanyl, Heroin & Cocaine Consumption by Age Group
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(4) Examining Repeated Overdose Cases from Residence Locations:
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6. Ethical Considerations in Data Mining

Algorithmic discrimination and discriminatory trends pose serious ethical concerns in data
mining. Trained in biased data, models can not only reflect but also reinforce systemic prejudice. For
example, historical prejudices in drug-related information might lead algorithms to over-identify
individuals from marginalized groups as at risk. To be fair and avoid reinforcing these prejudices,
researchers must critically evaluate and adjust their models to that effect. The second key concern is
data provenance and ownership rights. Questions of who really owns the data and if and when
individuals should be responsible for how their demographic or medical data is used in future
research arise. Ethical standards must allow individuals to make informed decisions about whether
or not their data can be sent, sold, or reused for purposes beyond its initial collection. The future
misuse of data by subsequent Al models is also becoming an increasing worry. Data mined today
may later find application in ways never envisaged, for example, for automated profiling by law
enforcement or discriminatory recruitment. Ethical data mining needs to factor in how datasets can
be future proofed to protect against this kind of misuse.

Additionally, frequent demands for personal data by tracking systems, surveys, and feedback
forms can lead to data fatigue. In the long term, individuals may begin providing incorrect
information or feel compelled to respond. Ethical data practice must avoid excessive data demands
and respect individuals” autonomy and volition to provide.

Predictive analytics, powerful as it is, can have unintended consequences. If used in areas such
as law enforcement, insurance, or healthcare, predictive models can falsely label individuals as “high-
risk,” resulting in unjust denial of service or unwarranted attention. Ethical concerns, in response,
must ensure that such systems have human oversight and error-reducing safeguards built in. Finally,
even as big businesses are poised to gain from insights generated by data mining, small businesses
and local communities may remain underserved or overlooked. Data mining, for ethical reasons,
needs to strive to democratize access to insights in a way that data benefits are not monopolized by
powerful stakeholders but shared in a manner that fosters overall economic and social equity.

7. Conclusion

The comprehensive method adopted in the current study includes merging different stages of
data transformation, preparation, and visualization to support, reliable, and meaningful analysis of
unintentional drug-related death. From the consolidation of data, redundancy was adequately
addressed through the use of a correlation heatmap that resulted in the identification of highly
correlated variables and overlap potential within the data. Besides eliminating noise, the process
enhanced the quality of subsequent analyses by eliminating duplicated or duplicate attributes. At the
data transformation phase, processes like feature engineering and standardization were applied in
order to refine the dataset even further. Spatial analysis at more detailed levels was enabled through
data extraction of geolocation data, while making the “Age” column standardized meant consistent
scaling with bias eliminated, greatly improving the performance and readability of models. Finally,
visualization and interpretation involved gaining extensive information on patterns and trends
associated with drug overdose episodes. Through a series of comparative visualizations—pre and
post-preprocessing —more accurate and improved representations of age distribution, drug use, drug
use by age groups, and geographical impact were achieved. For instance, Fentanyl, Heroin, and
Cocaine were consistently the most prominent drugs in overdose cases. Moreover, middle-aged
individuals (30-50 years) were found to be the highest-risk population, and city-wise distribution
showed risk city areas where interventions can be targeted. Overall, the structured and multi-tiered
methodological framework not only improved data interpretability and quality but also facilitated
evidence-based decision-making by providing crucial public health results. The framework is
replicable, stable, and robust to be applied to future similar studies on mortality analysis, substance
abuse patterns, and geo-spatial public health evaluation.
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