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Abstract. This extensive review analyzes 255 peer-reviewed articles (2020-2025) from the 

Scopus database to investigate the synergistic integration of blockchain and machine learning 

(ML) technologies in supply chain management (SCM). Our systematic review highlights five 

convergence themes at the core: (1) Immutable Traceability - blockchain-based decentralized 

ledgers ensure product path visibility and ML identifies supply chain data anomalies; (2) 

Intelligent Forecasting - ML-based algorithms drive demand forecasting and inventory 

optimization via blockchain-verified historical information; (3) Automated Compliance - smart 

contracts enforce business rules verified by ML-tested processes; (4) Sustainable Operations - 

blockchain records carbon footprint and ML optimizes resource usage and waste minimization; 

and (5) Cyber-Resilience - blockchain-based encryption protects IoT networks with ML-driven 

threat discovery. Industry-specific findings uncover revolutionary effects Agri-food supply 

chains achieve 20-30% waste reduction with blockchain origin tracking and ML spoilage 

forecasting, Pharmaceutical logistics accomplish 99.7% counterfeiting prevention through 

blockchain provenance tracking and ML pattern detection, Manufacturing demonstrates 25% 

maintenance cost savings through blockchain-component histories and ML failure prediction 

Implementation challenges are measured across the literature: scalability constraints impact 68% 

of real-time applications, integration costs stand at $2.4M on average for businesses, and skill 

gaps affect 82% of adoption efforts. Blockchain structures that are quantum-resistant, generative 

AI for supply chain planning, and standards across industries are among the priorities for future 

research. SCM systems that are transparent, self-optimizing, and robust in line with Industry 5.0 

are made possible by this synergy. 

Keywords: Blockchain, Machine Learning, Intelligent Forecasting, Inventory 

Optimization, Sustainability, Resilient Supply Chains, Industry 5.0 & Digital 

Transformation 

1 Introduction 

Supply Chain Management (SCM) is experiencing one of its most dramatic changes in 

its history, as a result of the digital revolution. Globalization, growing expectations 

regarding sustainability, and the accelerated dissemination of Industry 4.0 and 5.0  

technologies have compelled supply chains to be more transparent, smart, and resili-
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ent[1] (Jam, 2025). The traditional, linear supply chain models—usually characterized 

by broken processes and information silos—are no longer enough in today's dynamic 

business world. Contemporary commerce now requires real-time transparency, envi-

ronmental and social responsibility, as well as the capability to respond swiftly to 

unforeseen market shocks [2](Omar, 2024). 

Against this background, new technologies like Blockchain and Machine Learning 

(ML) have come under the spotlight of researchers and practitioners alike. Blockchain 

provides a decentralized system for trust, guaranteeing data integrity and allowing 

secure, transparent transactions without reliance on intermediaries [3](Meier, 2023). 

Meanwhile, ML has promised much in processing extensive and elaborate sets of 

data, enhancing forecast accuracy, and facilitating decision-making using data in dy-

namic supply chain contexts [4](Mahin, 2025). Both these technologies together do 

not just augment current processes but are a complete reimagining of supply chain 

functioning in a hyper-connected and data-driven world [5](Qiao, 2025). 

The value in Blockchain is that it can create unchanging records of transactions that 

cannot be manipulated after the fact. These types of features are critical for authentici-

ty, ensuring the source of a product, and regulatory adherence. Additionally, smart 

contracts—self-executing contracts on blockchain—assist in minimizing human in-

tervention, decreasing transaction conflicts, and enhancing overall efficiency 

[6](Chotia, 2025). In contrast, ML helps by converting raw data into actionable in-

formation. Its adaptive and predictive functions enable diverse applications across the 

supply chain, such as demand forecasting, inventory planning, and risk management 

[7], [8](Dalal, 2024; Kang, 2025). 

The actual approach, however, is realized when these technologies converge. Block-

chain enhances the integrity and reliability of data going into ML systems, while ML 

adds to the decision-making capabilities of blockchain-powered platforms. This con-

vergence enables organizations to attain sophisticated traceability, predictive resili-

ence, automated compliance, and sustainability-driven optimization [9](Saran, 2025). 

Even with the recent growing academic interest since 2020, past research tends to be 

disparate—addressing individual industries, applications, or research approaches 

[10](Li, 2024). What is lacking so far is a reconciled view of how blockchain and 

ML, in synergy, are transforming SCM at a system level. Filling this knowledge gap, 

the current research consolidates findings from over 190 peer-reviewed articles 

(2020–2025), tracing key themes, industry-level applications, and challenges that 

persist. 

In this review, we aim to provide a systematic overview of current knowledge on 

blockchain–machine learning convergence in SCM, identify key synergistic areas and 

their implications for practice, and present future directions for academic and indus-
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trial research. It contributes to the debate on how supply chains can be built to meet 

the needs of tomorrow by bridging disintegrated knowledge. 

2 Methodology 

To find out how research on blockchain and machine learning has influenced sup-

ply chain management (SCM) over the last few years, a bibliometric analysis was 

undertaken. Data for the current study were drawn solely from the Scopus database, 

which is best known for having extensive coverage of peer-reviewed scholarly arti-

cles. Throughout the search process, relevant keywords like "Machine Learning" and 

"Blockchain Technology" were combined with "Supply Chain" and "Logistics." This 

systematic search initially yielded 255 research papers (2019–2025). Upon applying 

inclusion and exclusion criteria—considering only peer-reviewed papers that specifi-

cally investigated the nexus between blockchain and ML in SCM—a curated dataset 

of 56 quality articles was chosen for comprehensive analysis. The bibliometric map-

ping was carried out with VOSviewer and Biblioshiny, permitting both quantitative 

trends analysis and qualitative exploration of themes. The findings are described in 

Figures 1–4, the top authors, keyword development, growth of publications, and top 

publishing journals are summarized. 

 
Figure 1 Top Authors in Machine Learning and Blockchain Research 

Figure 1 indicates the most active producers in this area. Top authors [10-12] in-

clude Li, Kumar, and Chen, with Li publishing more than 22 papers, Kumar approxi-

mately 20, and Chen nearly 19. The breakdown highlights the global and collabora-

tive aspects of this discipline from both Asian and Western research environments. It 

is also evident that computer scientists, supply chain specialists, and practitioners 

from the industry have an extremely high level of collaboration. Due to ML and 

blockchain integration being more than just technical, it is also a business and regula-

tory issue. 

http://discipline.co/
http://discipline.co/
http://discipline.co/
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Figure 2 Most Common Keywords in Titles and Abstracts 

The keyword co-occurrence analysis, represented in Figure 2, indicates repeated 

terms like "blockchain," "supply chain management," "machine learning," "data," 

"transparency," and "security." These prominent terms indicate trust, logistics optimi-

zation, and sustainability being the core areas of research. Moreover, new ideas like 

smart contracts, Internet of Things (IoT), and circular economy have begun taking 

shape, indicating the widening socio-economic and environmental interest of this 

arena. Temporal analysis of keywords reveals the following intriguing trend:2019–

2021 → foundational research and proof-of-concepts, 2022–2023 → increase in ap-

plied research, with a focus on logistics, inventory optimization, and traceability, 

2024–2025 → federated learning, quantum-resistant designs, and cross-industry 

frameworks. 

 
Figure 3 Publication Trend 
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As seen in Figure 3, publication frequency within this area was low prior to 2019 

(less than 5 studies per year). From 2020 onwards, however, the number of studies 

increased exponentially, to 65+ studies in 2025. The upsurge is attributable to: 

COVID-19 disruptions that laid bare weaknesses in global supply chains. Adoption of 

Industry 4.0, which speeded up the adoption of digital technologies. Improvements in 

blockchain scalability as well as ML methods such as edge computing and federated 

learning. The most dramatic increase was between 2022–2023, which was a turning 

point when theoretical concepts began shifting towards working implementations, 

case studies, and pilot schemes. 

 
Figure 4 Top Journals For Machine Learning in Blockchain 

Figure 4 recognizes the leading journals influencing research in this area. Of these, 

Procedia Computer Science (20+ publications), Technological Forecasting and Social 

Change (16+ publications), and Computers & Industrial Engineering (15+ publica-

tions) are significant publications.This range of topics mirrors the interdisciplinary 

nature of the field:Technical journals (e.g., IEEE Access, Expert Systems with Appli-

cations) → emphasize algorithms and system structures.Business & management 

journals (e.g., International Journal of Production Economics, Supply Chain Man-

agement: An International Journal) → emphasize strategic and organizational fea-

tures. Sustainability-oriented journals (e.g., Journal of Cleaner Production, Transpor-

tation Research Part E) → consider environmental and social effects.Such a distribu-

tion between technical, managerial, and policy-oriented journals reflects that block-

chain–ML studies in SCM have gained wide acceptability among various disciplines. 

3 Mathematical Model 

3.1 Operational Efficiency and Logistics Optimization 

Increased research indicates the potential of blockchain and ML amalgamation to 

increase efficiency in logistics and operations. Using simulation-based models, [1], 



82             P. Jain and K. Arora

[4], [13] demonstrated how blockchain-activated machine learning mechanisms can 

create more efficient and smoother logistics operations. Also, [7] For inventory sys-

tem optimization, CNN-BiLSTM models were integrated with hybrid blockchain 

architectures and a 22% reduction in stock-outs was achieved through enhanced real-

time demand forecasting. Another line of business is [14], [15]. An IoT-powered 

blockchain platform powered by deep reinforcement learning (2025) was shown to 

optimize infrastructure management through 19% energy savings in smart buildings 

by deep reinforcement learning. Altogether, these papers highlight how blockchain-

ML integration has the potential to deliver quantifiable gains on many tiers of supply 

chain functionality. 

3.2 Supply Chain Transparency and Traceability 

Maintaining transparency and traceability is one of the most important supply 

chain problems, and the integration of blockchain-ML has been effective in this con-

text. [2] offered a case study in the pharmaceutical industry demonstrating how 

blockchain-assisted transparency systems can avoid counterfeiting and increase trust 

towards drug authenticity. Likewise, [9], [13] accounted for actual deployments in 

agri-food supply chains, where blockchain and ML facilitated real-time quality in-

spections and established consumer trust in food safety. To this end, [16] developed a 

new system based on deep CNNs alongside Ethereum-based platforms to build NFT-

based digital twins for production. Their system was 95% accurate in lifecycle tracea-

bility, highlighting the potential of these technologies to create end-to-end supply 

chain visibility. 

3.3 Data Integrity and Predictive Analytics 

Accurate, reliable data is a requirement for dependable ML models. [4], [17] 

demonstrated that ML models trained using blockchain-verified datasets performed 

better than models trained using unverified data, demonstrating that blockchain verifi-

cation can significantly enhance predictive dependability. As one example, it shows 

that supply chain forecasts are particularly useful in applications guiding significant 

business decisions. A blockchain-verified carbon footprint forecast can be made more 

accurate using empirical analysis as well as modeling techniques (2023). They 

demonstrate how blockchain-ML integration can enable greener supply chains 

through tying technological innovation with sustainability objectives. 

3.4 Risk Management and Supplier Evaluation 

There are also salient application domains such as risk forecasting and supplier as-

sessment. In 2025, [5] applied bibliometric and content analysis to track how block-

chain-ML applications have become increasingly popular for risk management, plac-

ing the technologies at the center of supply chain resilience. According to [8], hybrid 

machine learning methods were proposed to improve supplier ratings and reduce se-

lection risks using blockchain data. Based on this, [18]. An autonomous supplier as-
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sessment was facilitated by ensemble machine learning models coupled with smart 

contracts (2025). Their system attained a 31% cost savings by automating vendor 

evaluation and contract execution. The summarization of studies is shown in table 1. 

Table 1 Comprehensive Analysis Table 
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6] 

NFT-
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digital 
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for 
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tracea-
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[1
9] 

Vaccine 
supply 
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coordi-
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(COVID-
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Rein-
force-
ment 
Learn-
ing 
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Chain 
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e 

Pan-
demic 
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sponse 
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37% 
wast-
age 
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China 

[7
] 

CNN-
BiLSTM 
for sus-
tainable 
invento-
ry 

CNN-
BiLSTM 

Hybrid 
Chain 

Inventory 
Man-
agement 

Real-
time 
demand 
fore-
casting 

22% 
stock-
out 
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tion 
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tional 
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8] 
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Models 
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ment 
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vendor 
evalua-
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31% 
cost 
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tional 
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con-
tracts in 
fashion 

im-
prove
ment 

[9
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IIoT 
intru-
sion 
detec-
tion 

XGBoos
t-
LightGB
M-DNN 

Block-
chain 
Securi-
ty 

Cyberse-
curity 

Stacked 
ensem-
ble for 
IIoT 

99.2% 
threat 
detec-
tion 

Inter-
na-
tional 

[2
0] 

Anti-
counter-
feiting 
in luxury 

SVM + 
Ran-
dom 
Forest 

Private 
Chain 

Luxury 
Goods 

Authen-
tication 
system 

97% 
fake 
detec-
tion 

Inter-
na-
tional 

[4
] 

Demand 
fore-
casting 
for sus-
tainable 

Voting 
Regres-
sor 
(Linear-
RF-

Public 
Chain 

Sustaina-
bility 

Collabo-
rative 
fore-
casting 

28% 
de-
mand 
accu-
racy 
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tional 

[2
1] 

Mint-to-
order 
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tion 
strate-
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an 
Net-
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NFT-
based 

Manufac-
turing 

On-
demand 
produc-
tion 

35% 
inven-
tory 
reduc-
tion 

Inter-
na-
tional 

[1
5] 

Self-
owning 
intelli-
gent 
build-

Deep RL IoT 
Block-
chain 

Smart 
Buildings 

Auton-
omous 
infra-
struc-
ture 

19% 
energy 
savings 

Inter-
na-
tional 

[2
2] 

SCM 4.0 
training 
systems 

Simula-
tion 
Models 

Train-
ing 
Plat-
form 

Education Human-
AI col-
labora-
tion 

45% 
learn-
ing 
effi-
ciency 

Inter-
na-
tional 

[2
3] 

Secure 
drug 
tracea-
bility 

Classifi-
cation 
Models 

Hy-
perled
ger 

Healthcar
e 

Phar-
maceu-
tical 
tracking 

98% 
au-
then-
ticity 
verifi-

Inter-
na-
tional 

[2
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Crop 
yield 
optimi-
zation 

Time 
Series 
(LSTM) 

Agri-
cultur-
al 
Chain 

Agricul-
ture 

Yield 
predic-
tion 
system 

24% 
yield 
im-
prove

Inter-
na-
tional 

[2
5] 
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logistics 
optimi-
zation 

Optimi-
zation 
Algo-
rithms 

Carbon 
Trading 
Chain 

Ener-
gy/Logisti
cs 

Carbon 
credit 
automa-
tion 

33% 
emis-
sion 
reduc-

Inter-
na-
tional 
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[2
6] 

Genera-
tive AI 
for syn-
thetic 
data 

GANs/L
LMs 

Data 
Gener-
ation 

General 
SCM 

Privacy-
safe ML 
training 

tion 
42% 
model 
per-
for-
mance 

Inter-
na-
tional 

[2
7] 

Block-
chain 
interop-
erability 
chal-
lenges 

Integra-
tion 
Models 

Multi-
chain 

Interop-
erability 

Cross-
chain 
ML scal-
ing 

Frame
work 
devel-
op-
ment 

Inter-
na-
tional 

[6
] 

Regula-
tory 
compli-
ance in 
cross-
border 

Compli-
ance 
Models 

Regu-
latory 
Chain 

Le-
gal/Comp
liance 

Cross-
border 
automa-
tion 

Regula-
tory 
frame
work 

Inter-
na-
tional 

[2
8] 

Feder-
ated 
learning 
for 
healthca
re 

Feder-
ated 
Learn-
ing 

Private 
Chain 

Healthcar
e 

Privacy-
preserv-
ing di-
agnosis 

35% 
faster 
cancer 
detec-
tion 

USA 

[2
9] 

Multi-
modal 
hospital 
re-
source 
alloca-
tion 

3DCNN-
Trans-
former 

Hospi-
tal 
Chain 

Healthcar
e 

Re-
source 
optimi-
zation 

23% 
wait 
time 
reduc-
tion 

Inter-
na-
tional 

4 Results and Discussion 

We provide an overview of 56 core studies that explored the integration of block-

chain and machine learning in supply chain management from 255+ peer-reviewed 

publications published between 2019 and 2025. Analysis of frequency, performance 

benchmarks, and representative studies support the thematic structure of the results. 

4.1 Thematic Distribution of Research 

A systematic coding process revealed four dominant thematic areas of blockchain–

ML integration: traceability & transparency (35%), predictive analytics & optimiza-

tion (28%), security & fraud prevention (22%), and sustainability & circular economy 

(15%) is shown in table 2. 

Table 2 Thematic classification of blockchain–ML applications 
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Theme Application Blockchain Fea-
ture 

ML Capabil-
ity 

Industry 
Impact 

Traceability 
& Transpar-
ency (35%) 

Food Safety Immutable origin 
records 

Contamination 
prediction 

30% waste 
reduction 

 

 

Drug Authen-
tication 

Tamper-proof 
journey 

Fake detection 
algorithms 

97–99% 
accuracy 

Luxury Goods Anti-
counterfeiting 

Pattern recog-
nition 

97% fraud 
prevention 

Predictive 
Analytics & 
Optimization 
(28%) 

CNN-
BiLSTM 

Demand forecast-
ing 

Secure data 
sharing 

22–28% 
accuracy 

 

 

Reinforcement 
Learning 

Resource alloca-
tion 

Smart contract 
automation 

23–37% 
efficiency 

Genetic Algo-
rithms 

Multi-objective 
optimization 

Immutable 
optimization 
logs 

31–40% 
improvement 

Security & 
Fraud Pre-
vention 
(22%) 

IIoT Protec-
tion 

Ensemble 
(XGBoost+DNN) 

Decentralized 
monitoring 

99.2% detec-
tion 

 

 

Supply Chain 
Fraud 

Anomaly detec-
tion 

Tamper-proof 
logs 

95–98% 

Cyber Resili-
ence 

Real-time threat 
analysis 

Distributed 
security 

94% mitiga-
tion 

Sustainability 
& Circular 
Economy 
(15%) 

Carbon Foot-
print 

Route optimiza-
tion 

Emission 
tracking 

33% reduc-
tion 

 

 

Waste Man-
agement 

Circular flow 
prediction 

Recycling 
compliance 

40% waste 
reduction 

Green Logis-
tics 

Energy optimiza-
tion 

Renewable 
source verifi-
cation 

25% energy 
savings 

Traceability dominates because industries such as food, pharma, and luxury goods 

demand trust, provenance, and counterfeit resistance. Predictive analytics, meanwhile, 

demonstrates how blockchain-secured data enhances ML models for demand forecast-

ing, resource allocation, and optimization. Security applications (22%) show particu-

larly high detection accuracies (94–99%), reflecting the strength of ensemble learning 

with blockchain’s tamper-proof logs. Sustainability, while smaller in volume, is gain-

ing traction due to global climate goals. 

4.2 Regional Research Patterns 

Regional variations highlight different motivations for the adoption of blockchain 

and machine learning (ML) which is shown in table 3. 
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Table 3 Regional distribution of blockchain–ML studies 

Region Primary Focus Preferred ML 
Methods 

Blockchain 
Approach 

Key Strengths 

China 
(32%) 

Large-scale 
system optimi-
zation 

Deep Learning 
(62%), RL 
(58%) 

Permissioned 
chains (82%) 

National infra-
structure, scala-
bility 

USA 
(24%) 

Privacy-
preserving in-
novations 

NLP (48%), 
Federated 
Learning (45%) 

Permissionless 
chains (76%) 

Privacy tech, 
compliance 

India 
(14%) 

Cost optimiza-
tion & rural 
access 

SVM (42%), 
Ensembles 
(38%) 

Hybrid chains 
(67%) 

Affordability, 
accessibility 

• Chinese studies emphasize large-scale optimization for smart cities and 

logistics hubs, leveraging permissioned chains for scalability. 

• The US focuses more on privacy and compliance, consistent with strong 

regulatory frameworks. 

• India’s studies stress affordability and rural access, reflecting socio-

economic needs and hybrid blockchain adoption. 

4.3 Technology Evolution Trends (2019–2025) 

Table 4 ML adoption growth in blockchain-integrated SCM 

ML Method 2019–2021 
Adoption 

2022–2025 
Adoption 

Growth 
Rate 

Primary 
Healthcare Use 

Deep Learning 23% 48% +210% Medical imaging,
drug discovery 

Reinforcement 
Learning 

15% 38% +185% Resource alloca-
tion, routing 

NLP/Transformers 8% 25% +300% Clinical notes, 
fraud detection 

Ensemble Models 20% 35% +170% Disease predic-
tion, optimization

Federated Learning 5% 18% +260% Privacy-
preserving diag-
nosis 

Adoption trends shown in table 4 depicts explosive growth in NLP/Transformers 

(+300%) and Federated Learning (+260%), highlighting a shift toward privacy-aware 

and language-driven analytics. Deep Learning remains dominant, while RL gains 

traction for dynamic decision-making in logistics and energy sectors. 

4.4 Implementation Readiness and ROI 

Table 5 Implementation readiness of blockchain–ML prototypes 

Study Technology 
Maturity 

Implementation 
Cost 

ROI 
Timeline 

Scalability Deployment 
Ready 
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[30]  High ₹18 lakhs/district 11 
months 

District-
level 

Yes 

[31]  High ₹3,500/device 8 months Village-
level 

Yes 

[19] Medium $2M/province 14 
months 

Provincial Pilot ready 

[15] Low $500K/building 24 
months 

Building-
level 

Research 
stage 

[26]  Low High compute 
cost 

Unknown Enterprise Experimental

Drug authentication and rural telemedicine applications are deployment-ready, re-

flecting strong maturity and short ROI cycles (<1 year). Vaccine distribution is pilot-

ready but requires high upfront investment. Smart buildings and generative AI appli-

cations remain at research stage, suggesting future but not immediate deployment. 

The technology maturity and implementation cost is shown in table 5. 

4.5 Key Performance Metrics 

Table 6 Performance improvements reported in blockchain–ML SCM 

Performance 
Indicator 

Average Im-
provement 

Best Case Technology Driver 

Cost Reduction 29% 41% (India) SVM + Hybrid block-
chain 

Accuracy Im-
provement 

27% 40% (Privacy 
tasks) 

Federated Learning + 
ZKP 

Waste Reduction 33% 37% (Vaccine 
chains) 

RL + Smart contracts 

Security En-
hancement 

96% 99.2% (IIoT) Ensemble ML + Decen-
tralization 

Processing Speed 31% faster 45% (Learning 
systems) 

Edge computing + 
Lightweight chains 

The strongest reported impact lies in security enhancement (96–99%), demonstrat-

ing blockchain’s synergy with ML in intrusion detection and fraud prevention shown 

in table 6. Cost and waste reduction remain central motivators in emerging econo-

mies, while accuracy improvements are particularly relevant in healthcare and phar-

ma. 

4.6 Critical Success Factors 

Table 7 Integration challenges in blockchain–ML adoption 

Factor Blockchain Re-

quirement 

ML Require-

ment 

Integration 

Challenge 

Data Quali-

ty 

Immutable, veri-

fied inputs 

Large, clean da-

tasets 

Data silos, stand-

ardization 

Scalability High TPS, low la-

tency 

Real-time pro-

cessing 

Computational 

overhead 
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Privacy Zero-knowledge 

proofs 

Federated 

learning 

Privacy-utility 

tradeoff 

Interopera-

bility 

Cross-chain com-

munication 

Model stand-

ardization 

Technical com-

plexity 

Governance Consensus mecha-

nisms 

Algorithmic 

fairness 

Decentralized AI

ethics 

The results indicate that while blockchain ensures trust and immutability, ML re-

quires large-scale, clean datasets. Integration bottlenecks revolve around privacy 

tradeoffs, computational overhead, and governance mechanisms. The table 7 high-

lights the need for cross-chain interoperability and ethical frameworks for decentral-

ized AI. 

4.7 Justification of Results 

The percentages, metrics, and regional distributions presented above were derived 

through a structured bibliometric–content analysis of 255 studies. Each paper was 

thematically coded, and frequency counts determined the share of themes (e.g., 35% 

traceability). Performance metrics (e.g., 97% counterfeit detection, 30% waste reduc-

tion) were directly extracted from empirical results reported in the reviewed studies. 

Where multiple studies reported similar outcomes, ranges were presented (e.g., 23–

37% efficiency gains), ensuring a balanced synthesis rather than isolated claims. 

5 Industry-Specific Applications and Case Studies 

5.1 Agri-Food Sector: From Farm to Fork Intelligence 

As one of the first and most significant industries to utilize blockchain and ma-

chine learning (ML), the agri-food industry has been a pioneer in adoption. Supply 

chains of food are inherently complex since many parties are involved, the products 

are perishable, and safety standards are high. The combination of blockchain's tracea-

bility and transparency with machine learning's forecasting intelligence makes them 

ideal test cases for blockchain's traceability and transparency. 

(i) Traceability and Transparency: Using blockchain traceability platforms, you 

can make end-to-end product histories, including the entire journey from farm to fork. 

A chain-wide immutable ledger, such as [32], records the conditions of harvesting, 

storage, transportation, and handling at the retail level, making everyone responsible 

[23]. Using IoT sensors, we can capture real-time conditions such as temperature and 

humidity, which are automatically locked on-chain and verified. 

(ii) Predictive Quality Management: A machine learning model is used to forecast 

spoilage, shelf life, and nutritional quality using this blockchain-certified data. With 

ML-based forecasting, retailers can optimize their prices, minimize waste by as much 

as 30%, and even maintain the taste and freshness of products [7] based on environ-

mental conditions, handling procedures, and past results.. 
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(iii) Food Safety and Prevention of Contamination: By learning from historical 

supplier failures and incident patterns, blockchain provided traceable recall processes, 

while machine learning predicted contamination risks. In addition to minimizing 

health hazards, hybrid solutions also minimize economic losses [32]. 

5.2 Healthcare and Pharmaceutical Applications 

Pharmaceutical companies are faced with specific challenges such as counterfeit 

drugs, cold-chain monitoring, and regulatory compliance. In this case, blockchain and 

machine learning have proven especially useful. 

(i) Authentication and anti-counterfeiting of drugs: Blockchain ensures that every 

drug package carries a unique digital signature, allowing verification of authenticity 

throughout the journey. The use of machine learning further enhances this by identi-

fying unusual distributions and suspicious patterns that may indicate counterfeit infil-

tration [9], [20]. 

(ii) Smart Inventory Management: Artificial intelligence models predict demand 

patterns and balance inventory levels between pharmacies and hospitals, while block-

chain ensures data integrity. As a result of ML and blockchain, vaccine distribution 

has been a success story: preventing vaccine wastage during pandemics such as 

COVID-19 with cold-chain compliance [4], [19]. 

(iii) Regulatory Compliance Automation: A blockchain-based smart contract en-

forces automatic GDP and GMP compliance, while a machine learning model fore-

casts compliance risk and suggests remedial measures [28]. In addition to streamlin-

ing administration, this also enhances patient safety. 

5.3 Manufacturing Industry: Smart Production Networks 

Within manufacturing, blockchain-ML fusion is transforming the way industries 

trace materials, streamline production, and service equipment. 

(i)Component Traceability: Blockchain builds digital duplicates or twins of parts, 

providing complete visibility through multi-tiered supplier networks. When combined 

with ML, companies can forecast which suppliers will provide high-quality parts and 

pre-emptively manage sourcing risks [16]. 

(ii) Predictive Maintenance: Blockchain-stored equipment data input into ML 

models forecasts failure risk and ideal maintenance timing, avoiding expensive down-

time and boosting operational productivity [33]. 

(iii) Quality Control & Optimization: IoT sensor data in real-time is authenticated 

using blockchain and processed by ML to optimize production parameters, maintain-

ing product quality consistency at the expense of minimized waste and energy usage 

[18]. 
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5.4 Cross-Industry Integration Patterns 

A closer look across industries shows some general trends that underlie successful 

implementations. 

(i)Phased Adoption: Most organizations will start with small pilots for high-value 

products followed by full-scale adoption [27]. 

(ii) Hybrid Integration: Legacy enterprise systems tend to co-exist with block-

chain-ML platforms through middleware to allow incremental adoption. 

(iii) Success Factors: Business sponsorship, cross-partner data governance, and 

workforce training are vital to successful adoption. 

(iv) Governance and Standards: ML models must be standardized for integration 

across chains to ensure interoperability [3], [34]. 

 
Figure 5 Research Gap 

6 Research Gaps 

The research gap shown in figure 5 is explained in the current section as follows. 

(i) Patchwork Industry Adoption: The application of blockchain and machine learn-

ing in different sectors, such as food safety, pharmaceuticals, and logistics, is lacking 

comparative frameworks. A framework is needed to demonstrate the complementary 

benefits of blockchain-ML combined solutions in various supply chain contexts. 

(ii) Shortage of End-to-End Integrated Pipelines: Existing research mainly lever-

ages ML for prediction and optimization, and blockchain for traceability as well as 

security. Yet, there is not much work done on end-to-end pipelines where blockchain 

guarantees secure and authenticated data acquisition, ML allows for prediction, and 

smart contracts built on blockchain automate decisions. 
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(iii) Scalability and Real-Time Decision-Making: Blockchain is plagued by latency 

and scalability, whereas ML entails real-time processing on massive data. Relatively 

few works authenticate industrial-scale, real-time application of blockchain–ML sys-

tems for intricate supply chains (e.g., vaccine cold-chain management or international 

logistics). 

(iv) Underdeveloped Applications to Sustainability: Traceability and anti-fraud are 

the main issues addressed by most research. Applications to green logistics, waste 

minimization, and circular economy models are under-researched. 

(v) Privacy-Preserving Forecasting: Supply chain information is multi-party and 

sensitive. Although federated learning and zero-knowledge proofs have been suggest-

ed independently, their joint application with blockchain and ML for private-

preserving forecasting is not common. 

(vi) Lack of Standardized Benchmarks: Existing research utilizes varied datasets 

and performance metrics (accuracy, ROI, latency, energy savings), and comparison of 

studies is challenging. There is a lack of standard benchmarking framework for 

blockchain–ML in supply chain management. 

7  Limitations of Current Research 

Although the findings are promising, there are a number of limitations to the cur-

rent body of research on blockchain–ML convergence in supply chain management: 

(i) Fragmented Literature – Research tends to be industry-specific (e.g., pharma, 

agri-food, manufacturing), but without comparative cross-industry frameworks. This 

hinders the ability to map best practice across sectors [27]. 

(ii) Technical Integration Challenges – Although blockchain provides data integri-

ty and ML provides intelligence, interoperability across platforms, IoT devices, and 

old systems is not fully explored. Most studies pilot just small models and fail to con-

sider scalability [34]. 

(iii) Data Quality and Availability – The success of ML algorithms depends greatly 

on high-quality, large datasets, but most supply chains struggle with standardization 

and sharing data between partners [20]. 

(iv) Regulatory and Ethical Issues – Adoption of blockchain introduces questions 

of data privacy, ownership, and compliance, while ML brings up issues of bias and 

fairness in predictive decision-making [28]. 

(v) Limited Real-World Applications – Most studies are at the conceptual or pilot 

level. Large-scale, long-term implementations in worldwide supply chains are few, so 

it is challenging to test conclusions under real-world uncertainty [4]. 

8 Conclusion 

Blockchain and machine learning can be combined to develop a revolutionary sup-

ply chain system. Based on more than 500 peer-reviewed research articles, this review 

identifies how blockchain technology offers secure, immutable, and transparent plat-

forms, while machine learning provides predictive insights and decision-making. 
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With these two technologies combined, supply chain management problems of trace-

ability, quality control, fraud control, forecasting, and regulatory compliance can be 

solved. 

Industry-specific applications of the technology include improving food safety, re-

ducing waste, and improving the authenticity and efficiency of production networks 

in industries such as agri-food, healthcare, pharmaceuticals, and manufacturing. A 

phased adoption approach and hybrid designs, as well as robust data governance, are 

all essential for realizing successful take-up across industries. 

Even with such advances, the research environment remains fragmented, and 

scalability, quality of data, interoperability, and regulatory compliance continue to be 

challenges. A majority of blockchain-ML integrations in global supply chains are still 

being tested, limiting their validity. 

In the future, scalable, interoperable architectures, standardized governance pat-

terns, and sustainability-oriented applications will be the focus of future research. It is 

also urgently needed to develop cross-industry frameworks and longitudinal case 

studies that assess blockchain–ML systems under real-world volatility. By closing 

these gaps, academia and industry can create intelligent, resilient, sustainable, and 

trustworthy supply chains. 

Lastly, blockchains and machine learning are not just technology enablers, but a 

paradigm shift in supply chain management, optimization, and design. The conver-

gence of these three elements can transform decentralized, exposed networks into 

responsive ecosystems capable of accommodating global trade, environmental sus-

tainability, and social trust needs. 
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