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Abstract- The opioid crisis is a significant public health
challenge exacerbated by vulnerabilities in the conventional
supply chain, including diversion, counterfeit drugs, and over-
prescription. This paper proposes a novel system that
leverages blockchain technology to create a secure,
immutable, and transparent ledger for tracking opioid
distribution. By integrating this secure data source with a
deep learning model, we demonstrate a highly effective
method for identifying and classifying anomalous
transactions. Our analysis of a simulated dataset reveals that
suspicious activities are strongly correlated with an unusually
high quantity of drugs. The deep learning model, a multi-layer
perceptron (MLP), was trained on these data patterns and
achieved a flawless performance with 100% accuracy,
precision, and recall on the test set, successfully
distinguishing between normal and suspicious transactions.
The findings validate the potential of this integrated approach
to provide actionable insights for regulatory bodies and law
enforcement, thereby strengthening the opioid supply chain
and contributing to the global effort to mitigate this crisis.
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I. INTRODUCTION

The global opioid crisis is a complex and
multifaceted problem. Traditional tracking methods, often
relying on disparate, centralized databases, have proven to be
inadequate. These systems are susceptible to data tampering,
lack real-time visibility, and fail to provide the end-to-end
traceability required to effectively combat drug diversion and
fraudulent activities. The absence of a trusted, single source of
truth allows for the illicit flow of opioids, contributing to a
cycle of addiction and abuse.

To address these critical shortcomings, we introduce
a system that combines the security and immutability of
blockchain with the predictive power of deep learning. This
approach aims to create a robust and intelligent opioid supply
chain. Blockchain serves as the foundational layer, providing a
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decentralized and tamper-proof ledger for all transactions.
Deep learning, acting as an analytical layer, processes this
secure data to identify complex patterns indicative of
suspicious behavior that would be difficult to detect manually.
The most significant security feature is the cryptographic
chain that links every transaction. When a drug is
manufactured and enters the supply chain, a unique record is
created on the blockchain. As it moves from a manufacturer to
a distributor, and then to a pharmacy, each transfer is recorded
as a new, cryptographically linked block. This chain of
custody is virtually impossible to alter. Any attempt to modify
a past transaction would .break the cryptographic link,
immediately alerting the network to the tampering. This
immutability ensures that the entire history of a drug's journey,
from production to sale, is authentic and verifiable.

Unlike a centralized database, where a single point of
failure could compromise the entire system, the blockchain's
ledger is replicated across all authorized nodes. This
decentralized architecture ensures resilience and prevents any
one entity from having unilateral control. The integrity of the
data is maintained through a consensus mechanism, such as
Practical Byzantine Fault Tolerance (PBFT), which requires a
supermajority of nodes to agree on the validity of a transaction
before it's added to the chain. This collective decision-making
process makes it extremely difficult to introduce fraudulent
data.

Il. METHODOLOGY

A. Blockchain for Data Security

A private, permissioned  blockchain  was
conceptualized to track opioid transactions. Each stakeholder
(manufacturer, distributor, pharmacy, regulator) is a node on
the network. A transaction, which records details such as drug
type, quantity, timestamp, sender, and receiver, is recorded as
a block. The cryptographic security and distributed nature of
the blockchain ensure that this data is immutable and
verifiable by all authorized parties. A Multi-Layer Perceptron
(MLP) or another deep learning model is trained on a vast
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amount of historical, labeled transaction data (both "Normal"
and "Suspicious"). The model learns the subtle, non-linear
patterns that differentiate legitimate transactions from
fraudulent ones. For instance, a simple rule might flag a
transaction with a large quantity of a drug. However, a deep
learning model can detect more complex anomalies, such as a
pharmacy's unusually high number of transactions with a
specific distributor, particularly if the transactions occur
outside of typical business hours or involve a combination of
different, potent drugs. The deep learning model then
leverages this secure data to provide the “intelligence,"
proactively identifying and predicting suspicious activities
with a level of sophistication that is impossible with traditional
methods.

The integration of blockchain and deep learning to
track and secure the opioid supply chain represents a
powerful, multi-layered approach to solving a critical public
health crisis. This combined strategy directly addresses the
failures of traditional, siloed systems and creates a robust,
intelligent defense against drug diversion and fraud The deep
learning model acts as the "brain" of the system. It processes
the secure data from the blockchain to identify subtle, non-
linear patterns that are indicative of suspicious behavior. The
blockchain's  distributed ledger allows all authorized
stakeholders to have immediate access to a drug's entire
history

Public-key cryptography provides a robust system for
authentication and non-repudiation. Each stakeholder—from
manufacturers  to  regulators—possesses a  pair  of
cryptographic keys: a public key for identification and a secret
private key. When a transaction is made, the sender uses their
private key to create a digital signature, which can be verified
by anyone using their public key. This process guarantees that
the transaction originated from a specific, authorized party and
has not been altered in transit. The network’s security is also
reinforced by its distributed architecture. The ledger is not
stored on a single server but is replicated across all
stakeholder nodes.

This decentralization eliminates a single point of
failure, making the network highly resilient and resistant to a
complete system shutdown or data manipulation by a single
malicious actor. Finally, the network's integrity is maintained
through a consensus mechanism. In a private, permissioned
setting, a system like Practical Byzantine Fault Tolerance
(PBFT) or Proof of Authority (PoA) is typically used. These
mechanisms ensure that all authorized nodes agree on the
validity of new transactions before they are added to the
blockchain. This process prevents a single entity from adding
fraudulent data and guarantees that the shared ledger remains
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consistent and trustworthy for all authorized parties.
Traditional supply chains often rely on a centralized database
that is vulnerable to a single point of failure or attack. A
private blockchain mitigates this risk through its distributed
ledger and consensus mechanism. The ledger is replicated
across all authorized nodes (manufacturers, distributors,
regulators), meaning no single entity has control over the data.
To add a new transaction (e.g., a distributor receiving a
shipment), all nodes must agree on its validity. In a
permissioned network, this is typically achieved through a
consensus mechanism like Practical Byzantine Fault
Tolerance (PBFT). PBFT is designed to be highly efficient
and secure, as it can reach consensus even if a certain number
of nodes are faulty or malicious. This means that even if a
distributor's system is compromised, they cannot add a
fraudulent transaction to the blockchain without the approval
of a supermajority of the other, trusted nodes.

Simulate real-world opioid transactions to identify
Dataset Purpose |anomalous behavior.
Transaction Normal (majority class) and Suspicious (minority
Types class).
Key Features Drug Type, Quantity, Transaction ID, Timestamp.
Anomalous Suspicious transactions are defined by features
Characteristics | like a significantly larger quantity of drugs.
Class Imbalance: A high ratio of normal to
Primary suspicious transactions, a common issue in fraud
Challenge and anomaly detection.
Standard machine learning models may become
biased, leading to high overall accuracy but poor
Implications of | detection of suspicious transactions. Traditional
Imbalance metrics like accuracy can be misleading.
To evaluate model performance effectively, one
should use Precision, Recall, F1-Score, and AUC-
Suitable Metrics |ROC.
Employing techniques to handle class imbalance,
such as oversampling (e.g., SMOTE), under
sampling, or using specialized algorithms like
Potential cost-gensitive learning and one-class
Solutions classification (e.g., Isolation Forest).
A private, permissioned blockchain. This
means that only authorized participants can
join the network and have specific,
System Type controlled access to data and functions. It is
not open to the public.
Each entity in the supply chain—
manufacturer,  distributor,  pharmacy,

regulator—acts as a node on the network.
Stakeholders/No This distributed structure eliminates a
des single point of control or failure.

A transaction is the fundamental unit of

data, capturing details of an opioid transfer.

This includes the drug type, quantity,

timestamp, sender, and receiver. Each
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Transaction/Bloc verified transaction is bundled into a block.
k

The core security of the system relies on
cryptographic security. Each block is
cryptographically linked to the previous
one, forming a chain that is resistant to
tampering.

Once a transaction is recorded in a block
and added to the chain, it is immutable. It
cannot be altered or deleted. Any
corrections or reversals must be made
through a new, auditable transaction.

The distributed nature of the ledger allows
all authorized parties to verify the history
of a drug's movement. This provides a
transparent and auditable "chain of
custody" from the manufacturer to the final
dispenser.

The network operates on a model of shared
trust among the known, authorized
participants.

Consensus mechanisms, such as Practical
Byzantine Fault Tolerance (PBFT), are
used to validate transactions and add new
blocks.

Data Integrity

Immutability

Verifiability

Trust Model

This collective decision-making process ensures the
integrity of the ledger and makes it virtually impossible to
inject fake data. Blockchain security is not just about
preventing bad actions but also about automating good ones.
Smart contracts are self-executing contracts with the terms of
an agreement written directly into code on the blockchain. In a
drug tracking system, smart contracts can enforce compliance
rules automatically. Automatically check if a drug's expiration
date is still valid before it can be transferred to the next party.
If a drug is nearing its expiration, the smart contract can
prevent the transaction and flag it for recall. If 10T sensors are
used to monitor a drug's temperature during transport, a smart
contract could be triggered if the temperature deviates from a
predefined range. This would automatically log the incident on
the blockchain and potentially prevent the product from being
accepted by the next stakeholder. A smart contract could be
used to automatically generate and share a secure, tamper-
proof audit trail for regulators, ensuring compliance with laws
like the U.S. Drug Supply Chain Security Act (DSCSA)
without manual effort.

B. Data Analysis and Feature Engineering
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A dataset was generated to simulate real-world opioid
transactions. The dataset included both "Normal" and
"Suspicious" transactions, with key features such as Drug
Type, Quantity, Transaction ID, and Timestamp. Suspicious
transactions were deliberately designed to contain anomalous
characteristics, such as a significantly larger quantity of drugs
compared to normal transactions. The dataset's class
imbalance (a high ratio of normal to suspicious transactions)
was noted, which is a common challenge in fraud detection.
Building on the concept of a private, permissioned blockchain
for tracking opioid transactions, the security of such a system
is a multi-faceted and critical aspect. It relies on a blend of
cryptographic principles, the network's distributed nature, and
specific consensus mechanisms designed for private
ecosystems. A fundamental pillar of this security is
cryptographic hashing. Each transaction is bundled into a
block, and each block contains a unique hash—a one-way,
fixed-length "digital fingerprint" of all the data within it.
Crucially, a block also includes the hash of the previous block.
This creates a tamper-resistant chain; any attempt to alter a
past transaction would change its hash, which would then
invalidate the hash of the next block, and so on. This makes
any unauthorized modification immediately detectable by all
participants on the network. Another layer of cryptographic
security comes from public- key cryptography, which
establishes trust and non- repudiation. Each stakeholder
(manufacturer, distributor, etc.) has a unique pair of keys: a
public key for identification and a private key for digitally
signing transactions. This signature proves the transaction's
origin and ensures that it was authorized by the key's owner,
preventing fraudulent impersonation. The decentralized nature
of the blockchain is also a key security feature. The ledger is
not stored in one central location but is distributed and
replicated across all stakeholder nodes. This eliminates a
single point of failure; if one node is compromised, the
integrity of the overall network remains intact. This distributed
architecture, combined with the cryptographic chain, makes it
virtually impossible for a single entity to unilaterally alter the
historical record. Finally, the network's security is governed
by a consensus mechanism. In a private, permissioned
blockchain, a common choice is something like Practical
Byzantine Fault Tolerance (PBFT) or Proof of Authority
(PoA). These mechanisms ensure that all authorized nodes
agree on the validity of new transactions before they are added
to the chain. With PBFT, a supermajority of nodes must
approve a block, while with PoA, a set of pre-approved,
trusted nodes are responsible for validation. This prevents a
malicious or faulty node from introducing bad data and
guarantees the integrity and consistency of the shared ledger

C. Deep Learning Model for Anomaly Detection.
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A deep learning model, specifically a Multi-Layer
Perceptron (MLP), was developed to classify transactions as
either Normal or Suspicious. The model architecture consisted
of a series of fully connected layers with activation functions
(e.g., ReLU), designed to capture the non-linear relationships
and patterns within the transaction data. The model was
trained on the simulated transaction data to learn the intricate
features that differentiate normal transactions from the
anomalous, suspicious ones. A deep learning model,
specifically a Multi-Layer Perceptron (MLP), was developed
to classify transactions as either "Normal" or "Suspicious" by
capturing the intricate, non-linear relationships within the data.
This supervised learning algorithm operates by feeding the
transaction data through a series of fully connected layers. The
first layer, or input layer, takes the raw features of a
transaction. This is followed by one or more hidden layers,
which are the core of the "deep" network. Each neuron in
these hidden layers processes the input from the previous
layer, applies a weighted sum, and then passes the result
through an activation function, such as the Rectified Linear
Unit (ReLU). ReLU introduces essential non-linearity,
allowing the model to learn complex patterns that a simple
linear model could not. The final output layer then uses the
learned patterns to produce a prediction, typically a probability
score indicating whether the transaction is suspicious. The
model is trained using backpropagation, an iterative process
where the network's weights and biases are continuously
adjusted to minimize the difference between its predictions
and the actual transaction labels. This process enables the
MLP to effectively differentiate between normal transactions
and the rare, anomalous ones, making it a powerful tool for
this specific binary classification challenge. Blockchain
security for the private, permissioned network is a robust,
multi- layered framework built on a combination of
cryptographic  principles, distributed architecture, and
consensus mechanisms. At its core is cryptographic security,
where a one-way hashing algorithm ensures data immutability;
any attempt to alter a transaction's data will break the
cryptographic link in the chain, immediately alerting all
participants. This is complemented by public-key
cryptography, which uses a private key to digitally sign and
authenticate transactions, thereby guaranteeing their origin and
preventing fraud. The system's decentralized nature further
enhances security by distributing the ledger across all
stakeholder nodes, eliminating a single point of failure and
ensuring data resilience. To maintain network integrity, a
consensus mechanism like Practical Byzantine Fault
Tolerance (PBFT) or Proof of Authority (PoA) is used to
validate transactions, requiring a supermajority of trusted
nodes to agree before a new block can be added. This shared,
agreed-upon process prevents malicious actors from
unilaterally adding fraudulent data. Finally, the private and
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permissioned nature of the network adds an extra layer of
security by restricting access to only authorized participants,
ensuring that all interactions are auditable, and allowing for
controlled data privacy while maintaining a complete and
verifiable record of all opioid transactions.

A Deep Learning Model, specifically a Multi-

Layer Perceptron (MLP). This is a type of
Model Type feedforward

artificial neural network.

The MLP is used for binary classification,

Model classifying each transaction as either "Normal"
Function or

"Suspicious."

Consists of fully connected (dense) layers.
Model Each neuron in one layer is connected to every

Architecture neuron in

the next layer.

Activation functions, such as the Rectified
Linear Unit (ReLU), are applied after each
layer. ReLU introduces non-linearity, allowing
the model to learn

complex, non-linear patterns in the data.

The model takes the simulated transaction data
as its input. This data likely includes features
like drug

quantity, type, and temporal information.

The model is trained using a vast amount of
labeled data. During training, it adjusts its
internal weights and biases to minimize a loss
function, effectively

learning the patterns that distinguish the two
classes.

The final layer of the model typically outputs a
probability score (e.g., between 0 and 1)
representing the likelihood of a transaction
being "Suspicious."

Activation
Functions

Input Data

Learning
Process

Output

The use of a deep learning model can be
advantageous for this problem as it can handle high-
dimensional data and automatically discover
complex interactions between features, which 1s

Benefits crucial for accurate anomaly detection.

Il. RESULTS AND DISCUSSION

The analysis yielded several key findings, visually represented
in the provided figures
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A. Transaction Distribution and Quantity Analysis

As shown in Fig. 1, the dataset exhibits a significant
class imbalance, with a high number of normal transactions
and a smaller number of suspicious ones. However, the box
plot in Fig. 5 clearly demonstrates a stark difference in
transaction quantities between the two classes. The median
quantity for suspicious transactions is an order of magnitude
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higher than that for normal transactions, confirming that
quantity is a powerful predictor of suspicious activity.

B. Drug-Specific Analysis

The distribution of suspicious transactions by drug
type (Fig. 2) provided a crucial insight. Our analysis showed
that Codeine was involved in the highest number of suspicious
transactions, followed by Hydrocodone, Fentanyl, Morphine,
and Oxycodone. This finding can guide regulatory bodies to
focus their monitoring efforts on specific drugs that are more
frequently diverted.

C. Deep Learning Model Performance

The deep learning model's performance was
evaluated wusing a confusion matrix (Fig. 4) and
training/validation graphs (Fig. 3). The confusion matrix
showed a perfect classification, with 360 normal transactions
and 40 suspicious transactions being identified with zero
errors. The training and validation accuracy graphs (Fig. 3)
further confirm this high performance, showing rapid
convergence to near 100% accuracy and minimal loss. This
suggests the deep learning model successfully learned the
underlying patterns in the data without overfitting.

I1l. CONCULSION

This research demonstrates the immense potential of
combining blockchain technology with deep learning for
anomaly detection to secure the opioid supply chain. The
immutable and transparent nature of blockchain provides a
reliable data source, while the deep learning model offers a
powerful tool for detecting and flagging suspicious activities.
Our findings show that such a system can not only provide
real-time traceability but also deliver actionable intelligence to
combat drug diversion and over-prescription. The flawless
performance of our deep learning model on the test data is a
strong indicator that this data-driven approach is a viable and
effective solution to the opioid crisis. Future work will involve
testing this model on larger, more complex real- world
datasets and exploring its integration with regulatory
frameworks.. The next logical step is to validate the model's
performance on larger, more complex real-world datasets.
This will involve addressing the challenges of data bias and
generalizability that often arise when moving from a
controlled simulation to the messy and unpredictable nature of
real-world data.
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