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INTRODUCTION 
 

Artificial intelligence (AI) has become one of the most influential technologies in modern science and is increasingly 

being applied in forensic science and forensic toxicology. AI refers to computer systems that can perform tasks such as 

pattern recognition, classification, prediction, and decision-making, which traditionally require human intelligence. 

Machine learning (ML) and deep learning (DL), two important branches of AI, are particularly useful for analysing large 

and complex datasets generated during forensic investigations. Their ability to identify hidden patterns and make accurate 

predictions has opened new possibilities for improving forensic analysis and laboratory workflows. [1,2] Forensic science 

applies scientific principles to support criminal and civil investigations through disciplines such as forensic pathology, 

toxicology, anthropology, and digital forensics. The integration of AI into these fields has improved the speed, accuracy, 

and consistency of forensic investigations. AI-based systems can assist in biometric identification, crime scene 

reconstruction, digital evidence analysis, and automated interpretation of forensic data, thereby reducing manual effort 

and enhancing decision-making. [2] Forensic toxicology focuses on the detection, identification, and interpretation of 

drugs, poisons, alcohol, and their metabolites in biological specimens to provide scientific evidence in medico-legal 

investigations. Advanced analytical techniques, including liquid chromatography–tandem mass spectrometry (LC–

MS/MS) and high-resolution mass spectrometry (HRMS), generate large volumes of complex data that require detailed 

interpretation. Conventional analytical workflows are often labour-intensive, time-consuming, and susceptible to human  
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Artificial Intelligence (AI) is increasingly transforming the analytical and investigative 

landscape of forensic toxicology. Traditional toxicological workflows rely on gas/liquid 

chromatography-mass spectrometry (GC-MS/LC-MS), manual interpretation, and expert 

judgment face mounting challenges from data complexity, novel psychoactive substances 

(NPS), and throughput demands. This systematic review synthesizes evidence from 17 

primary studies (2019–2026) to map how AI and machine learning (ML) are integrated 

across the forensic toxicology pipeline, spanning novel psychoactive substance 

identification, predictive toxicology and risk assessment, postmortem interval (PMI) 

estimation, and laboratory workflow automation. A structured literature search was 

conducted across PubMed, Scopus, Web of Science, and Google Scholar using predefined 

MeSH and keyword terms. Studies were screened using PRISMA guidelines. Seventeen 

studies were included based on defined eligibility criteria covering original research, 

systematic reviews, and comprehensive narrative reviews on AI applications in forensic 

and analytical toxicology. Across domains, AI and ML methods including deep generative 

models, convolutional and artificial neural networks, random forests, and explainable AI 

frameworks has consistently improved analytical sensitivity, processing speed, and 

detection of previously unidentifiable substances, while highlighting persistent challenges 

around dataset standardization, model generalizability, and forensic/legal admissibility. 
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error, creating a growing need for intelligent computational 

approaches. [2,3] The rapid emergence of new psychoactive 

substances (NPS) has further complicated forensic 

toxicological analysis. More than 1,100 NPS have been 

reported worldwide over the past decade, many of which 

are identified before certified reference standards or 

spectral libraries become available. This situation limits 

the effectiveness of conventional reference-based 

analytical methods and highlights the need for alternative 

strategies capable of recognising unknown compounds. 

AI-based models can analyse complex toxicological 

datasets, detect subtle analytical patterns, predict 

toxicological outcomes, and support the identification of 

previously unreported substances with greater efficiency 

than traditional approaches. [3–5] Machine learning 

algorithms have demonstrated considerable potential in 

interpreting high-dimensional data generated by 

chromatographic and mass spectrometric techniques. 

These models improve the sensitivity and specificity of 

compound identification while reducing analysis time. In 

addition to substance detection, AI has also been 

successfully applied to predictive toxicology, toxicity 

assessment, and postmortem interval (PMI) estimation 

using metabolomic, microbiomic, and spectroscopic 

datasets. Such applications illustrate the growing role of AI 

in supporting forensic decision-making and improving the 

accuracy of toxicological investigations. [4–7]  

 

MATERIALS AND METHODS 

 

Review Design and Protocol: This review was conducted 

following the Preferred Reporting Items for Systematic 

Reviews and Meta-Analyses (PRISMA) 2020 guidelines to 

ensure a transparent and systematic approach to the 

identification, selection, and reporting of relevant 

literature. A predefined review protocol outlining the 

objectives, eligibility criteria, search strategy, data 

extraction process, and quality assessment methods was 

established before the literature search and data extraction. 

Eligibility Criteria: Studies were selected according to the 

PICOS (Population, Intervention, Comparator, Outcome, 

and Study Design) framework (Table-1) 

 

Table 1. PICOS Framework 

PICOS 

Component 

Eligibility Criteria 

Population 

(P) 

Studies involving forensic toxicology, 

analytical toxicology laboratories, 

medicolegal investigations, 

postmortem toxicology, or 

computational toxicology applications. 

Intervention 

(I) 

Application of artificial intelligence 

techniques, including machine learning, 

deep learning, neural networks, natural 

language processing, generative AI, or 

other AI-based computational models. 

Comparator 

(C) 

Conventional analytical methods, 

including GC–MS, LC–MS/MS, 

immunoassays, manual expert 

interpretation, or studies without a 

comparator where appropriate. 

Outcomes 

(O) 

Analytical performance, identification 

accuracy, processing efficiency, 

detection of novel psychoactive 

substances, predictive capability, 

implementation feasibility, or ethical 

and legal considerations. 

Study Design 

(S) 

Original research articles, systematic 

reviews, scoping reviews, and 

comprehensive narrative reviews 

published in English. Conference 

abstracts, editorials, letters, case 

reports, book chapters, and non-English 

publications were excluded. 

 

Literature Search Strategy: A comprehensive literature 

search was performed using PubMed/MEDLINE, Scopus, 

Web of Science Core Collection, and Google Scholar. 

Publications published between January 2019 and March 

2026 were considered eligible. The search strategy 

combined Medical Subject Headings (MeSH) and free-text 

keywords using Boolean operators. The principal search 

string was as follows: ("Artificial Intelligence" OR 

"Machine Learning" OR "Deep Learning" OR "Neural 

Network") AND ("Forensic Toxicology" OR "Analytical 

Toxicology" OR "Forensic Chemistry" OR "Postmortem 

Toxicology") AND ("Drug Detection" OR "Substance 

Identification" OR "Novel Psychoactive Substances" OR 

"Predictive Toxicology" OR "Toxicokinetics") Reference 

lists of eligible publications were also manually screened 

to identify additional relevant studies that were not 

retrieved during the electronic database search. 

Study Selection: All retrieved records were imported into 

a systematic review management platform for screening. 

Duplicate records were removed before the screening 

process. Two sequential screening stages were performed: 

(i) title and abstract screening and (ii) full-text assessment 

based on the predefined eligibility criteria. Studies meeting 

all inclusion criteria were included in the final review. The 

study selection process is illustrated in the PRISMA 2020 

flow diagram (Figure 1). 

Data Extraction: Data were extracted independently 

using a standardized data extraction form. The extracted 

information included the first author, publication year, 

country of origin, study design, AI methodology 

employed, forensic toxicology application, biological 

specimen or analytical platform, principal findings, 

reported performance metrics, study limitations, and 

ethical or regulatory considerations. Any discrepancies 

during data extraction were resolved through discussion 

and consensus. 

Quality Assessment: The methodological quality of the 

included studies was assessed according to their study 

design. Narrative review articles were evaluated using the 

Scale for the Assessment of Narrative Review Articles 

(SANRA), whereas original empirical studies were 

assessed using the Mixed Methods Appraisal Tool 

(MMAT). Each study was evaluated for clarity of 
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objectives, methodological rigor, quality of data, 

transparency of reporting, and discussion of study 

limitations. Based on the overall assessment, studies were 

categorized as high quality (✓✓), moderate quality (△), or 

low quality (✗). 

 

RESULTS 
 

The systematic literature search identified 9,290 records 

from four electronic databases (PubMed/MEDLINE, 

Scopus, Web of Science, and Google Scholar). After 

removing duplicate records, 5,700 unique articles 

remained for title and abstract screening. A total of 5,650 

studies were excluded because they did not meet the 

predefined eligibility criteria. The full texts of the 

remaining 50 articles were assessed for eligibility, of which 

33 studies were excluded due to reasons including lack of 

relevance to forensic toxicology, insufficient 

methodological information, duplicate publication, or 

failure to satisfy the inclusion criteria. Ultimately, 17 

studies were included in the qualitative synthesis. The 

complete study selection process is presented in the 

PRISMA 2020 flow diagram (Figure 1). 

 

 
 

Figure 1. PRISMA 2020 flow diagram illustrating the 

study identification, screening, eligibility assessment, 

and inclusion process for the systematic review. 

 

Artificial Intelligence for Novel Psychoactive Substance  

Identification: Among the included studies, the 

identification of novel psychoactive substances (NPS) 

represented the most extensively investigated application 

of artificial intelligence. Multiple studies demonstrated that 

deep learning and machine learning algorithms 

substantially improve the identification of emerging 

psychoactive compounds that lack certified reference 

standards or spectral library information. Skinnider et al. 

developed the DarkNPS framework, a recurrent neural 

network capable of predicting the molecular structures of 

unknown psychoactive substances directly from mass 

spectrometric data. The model achieved approximately 

51% top-1 prediction accuracy and 86% top-10 accuracy, 

highlighting its ability to predict emerging designer drugs 

before their inclusion in conventional databases. Similarly, 

Lin et al. introduced the PS2MS deep-learning platform, 

which generated plausible structural analogues of NPS and 

accurately predicted their corresponding mass spectra, 

enabling successful identification of synthetic cathinone 

derivatives in forensic samples. Wong et al. evaluated 

several supervised machine learning models, including 

artificial neural networks (ANN), convolutional neural 

networks (CNN), and balanced random forest (BRF), for 

automated classification of GC–MS spectra. Among these 

algorithms, the balanced random forest model 

demonstrated the highest classification performance with a 

macro-F1 score of approximately 0.90. In addition, 

Jurowski and Krośniak employed quantitative structure–

activity relationship (QSAR) modelling to predict the 

toxicological characteristics of the emerging synthetic 

opioid AP-238, demonstrating that AI can estimate 

toxicological properties even in the absence of 

experimental laboratory data. 

Artificial Intelligence in Predictive Toxicology: 

Predictive toxicology emerged as another major area of AI 

application. Several studies reported the successful use of 

machine learning and deep learning algorithms for toxicity 

prediction, toxicokinetic modelling, and chemical risk 

assessment. Lin and Chou demonstrated that AI-assisted 

physiologically based pharmacokinetic (PBPK) models 

improved dose-response modelling and toxicokinetic 

simulations compared with conventional computational 

approaches. However, the authors noted that the 

generalizability of these models across different 

populations and chemical classes remains a challenge. 

Similarly, Almalki et al. reported that AI significantly 

accelerated high-throughput toxicity screening while 

reducing dependence on conventional animal testing. 

Despite these advantages, the review identified several 

challenges, including algorithmic bias, limited model 

transparency, data privacy concerns, and the absence of 

standardized regulatory guidelines for AI implementation. 

Teunis et al. further emphasized that open-access 

databases, standardized validation protocols, and 

collaborative data-sharing initiatives are essential for 

ensuring the reproducibility and regulatory acceptance of 

AI-based toxicological risk assessment. 

Artificial Intelligence for Postmortem Interval 

Estimation: Postmortem interval (PMI) estimation 

represented another rapidly expanding area of AI research. 

Machine learning algorithms demonstrated superior 

capability in modelling complex biological datasets 

generated from metabolomics, microbiome sequencing, 

biochemical analysis, and medical imaging. Sharma et al., 

through a systematic review of eighteen studies, reported 

that regression algorithms, random forest models, and 

neural networks consistently provided more accurate and 

reproducible PMI estimates than conventional methods 

based solely on physical postmortem changes. Magnusson 
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et al. developed a feedforward neural network using 

metabolomic profiles obtained from 4,876 forensic blood 

samples. The model achieved a mean absolute prediction 

error of 1.45 days while maintaining excellent performance 

during external validation. Likewise, Cui et al. applied 

random forest regression to gravesoil microbiome 

sequencing data and achieved a mean absolute error of 1.27 

days over a 36-day decomposition period, identifying 

several bacterial taxa as potential biomarkers for PMI 

estimation. 

Artificial Intelligence for Forensic Toxicology 

Workflow Automation: Several review articles described 

the integration of AI throughout the forensic toxicology 

workflow. Reported applications included automated 

interpretation of toxicological findings, high-resolution 

mass spectrometry data processing, natural language 

processing for laboratory reporting, laboratory information 

management systems, and automated unknown-compound 

screening. Collectively, these studies demonstrated that AI 

improves analytical efficiency by reducing manual data 

processing, shortening turnaround time, enhancing 

analytical consistency, and increasing the accuracy of 

pattern recognition. AI-assisted workflows also facilitated 

automated spectral interpretation and supported decision-

making during forensic investigations. 

 

DISCUSSION 

 

The findings of this review demonstrate that artificial 

intelligence (AI) is increasingly transforming forensic 

toxicology by improving analytical accuracy, efficiency, 

and decision-making across multiple stages of forensic 

investigations. Among the identified applications, the 

detection and identification of novel psychoactive 

substances (NPS) represents the most advanced and well-

validated area. Deep learning, machine learning, and 

generative AI models have shown remarkable capability in 

predicting molecular structures and interpreting mass 

spectrometric data, even when certified reference standards 

or spectral libraries are unavailable. Such approaches 

provide an effective solution for the rapid identification of 

emerging designer drugs, addressing one of the most 

significant challenges faced by modern forensic 

laboratories. Another important application identified in 

this review is postmortem interval (PMI) estimation. 

Machine learning models developed using metabolomic, 

microbiome, biochemical, and imaging datasets 

consistently demonstrated greater accuracy than 

conventional PMI estimation methods based on physical 

postmortem changes. The reviewed studies suggest that 

AI-based predictive models are capable of reducing 

estimation errors while providing more objective and 

reproducible results. These findings indicate that AI has 

considerable potential to improve medico-legal 

investigations, particularly in cases where traditional PMI 

indicators become unreliable during advanced 

decomposition. [8-11] 

 

Artificial intelligence has also demonstrated promising 

applications in predictive toxicology and toxicological risk 

assessment. AI-assisted physiologically based 

pharmacokinetic (PBPK) models, quantitative structure–

activity relationship (QSAR) modelling, and deep learning 

algorithms have improved toxicity prediction, chemical 

risk assessment, and dose-response modelling. 

Furthermore, these computational approaches have the 

potential to reduce reliance on animal experiments while 

accelerating toxicological screening. However, most of the 

available evidence originates from pharmaceutical or 

regulatory toxicology rather than routine forensic 

casework, limiting its direct applicability to forensic 

investigations. Beyond analytical applications, AI is 

increasingly being integrated into the overall forensic 

toxicology workflow. Automated spectral interpretation, 

high-resolution mass spectrometry data analysis, 

laboratory information management, natural language 

processing, and decision-support systems have collectively 

improved laboratory efficiency by reducing manual 

interpretation, minimizing turnaround time, and enhancing 

analytical consistency. [12-17] These developments suggest 

that AI will become an important component of future 

forensic laboratory practice. Despite these encouraging 

developments, several challenges remain before AI can be  

routinely implemented in accredited forensic laboratories. 

Most studies were conducted using relatively small and 

heterogeneous datasets, limiting the generalizability of the 

developed models. Many AI algorithms also function as 

"black-box" systems, making their predictions difficult to 

interpret and raising concerns regarding transparency, 

reproducibility, and legal admissibility in judicial 

proceedings. In addition, the absence of standardized 

validation protocols, regulatory guidelines, and 

internationally accepted quality assurance frameworks 

continues to hinder widespread implementation. 

Addressing these issues through explainable AI (XAI), 

external multicentre validation, standardized datasets, and 

forensic-specific regulatory standards will be essential for 

the successful integration of AI into forensic toxicology. 

The summary of all included study mentioned in Table-2. 

 

Table 2. Summary of studies included in the systematic 

review of AI applications in forensic toxicology. 
Sl.

N

o 

Autho

rs 

(Year) 

Title 

(Abbr

eviate

d) 

Study 

Design/S

ample 

AI 

Techniq

ue 

Key 

Finding

s 

Limitatio

ns 

1 Wank

hade et 

al. 

(2022) 

AI in 

Forens

ic 

Medici

ne & 

Toxico

logy 

Narrative 

review 

ML, 

imaging 

AI, 

pattern 

recogniti

on 

systems, 

predictiv

e 

analytics 

for 

autopsy 

interpreta

tion and 

toxicolog

ical 

screening

. 

AI 

improve

d 

diagnost

ic 

accurac

y in 

autopsy 

analysis

, toxic 

substan

ce 

identific

ation, 

postmor

tem 

interval 

estimati

on, and 

forensic 

imaging 

The 

review 

lacked 

empirical 

validation 

studies 

and relied 

mainly on 

descriptiv

e 

discussion

s. Real-

world 

implemen

tation and 

standardiz

ed 

forensic 

datasets 

were 

limited. 
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interpret

ation. 

Machin

e 

learning 

reduced 

human 

error 

and 

enhance

d 

efficien

cy in 

toxicolo

gical 

investig

ations. 

2 Jhata

m 

(2025) 

Digital 

Forens

ic 

Chemi

stry 

Systemati

c review 

ML, DL, 

automate

d spectral 

analysis, 

predictiv

e 

toxicolog

y models, 

AI-

assisted 

chemical 

profiling. 

AI 

enabled 

automat

ed 

substan

ce 

detectio

n, rapid 

interpret

ation of 

chromat

ographi

c and 

spectro

metric 

data, 

and 

predicti

ve 

identific

ation of 

toxic 

compou

nds. 

Most 

findings 

were 

theoretical 

and 

lacked 

laboratory

-based 

validation

. Limited 

discussion 

on 

algorithm 

performan

ce and 

forensic 

admissibil

ity of AI-

generated 

evidence. 

3 Marin

elli et 

al. 

(2026) 

AI and 

ML in 

Forens

ic 

Toxico

logy 

Narrative 

review 

ML, DL, 

AI-

assisted 

bioanalyt

ical 

systems, 

predictiv

e 

toxicody

namic 

models, 

spectral 

interpreta

tion 

algorithm

s, 

automate

d 

interpreta

tion 

software. 

AI 

enhance

d 

bioanal

ysis, 

toxicod

ynamics

, 

metabol

ite 

predicti

on, and 

interpret

ation of 

toxicolo

gical 

findings

, 

supporti

ng 

forensic 

decision

-making 

with 

improve

d 

objectiv

ity and 

consiste

ncy. 

Limited 

availabilit

y of 

validated 

datasets, 

data 

scarcity, 

and lack 

of 

explainabl

e AI 

models 

restricted 

model 

reliability, 

reproduci

bility, and 

legal 

admissibil

ity. 

4 Swan 

et al. 

(2025) 

AI-

HRMS 

Screen

ing for 

Unkno

wn 

Substa

nces 

Method 

developm

ent 

Machine 

learning 

integrate

d with 

High-

Resolutio

n Mass 

Spectrom

etry 

(HRMS), 

automate

d spectral 

deconvol

ution, 

AI 

signific

antly 

improve

d 

screenin

g 

efficien

cy for 

unknow

n 

substan

ces and 

novel 

High data 

complexit

y and 

variability 

in HRMS 

datasets 

affected 

reproduci

bility and 

interpreta

bility of 

results. 

compoun

d 

recogniti

on 

algorithm

s. 

psychoa

ctive 

compou

nds. 

Automa

ted 

analysis 

reduced 

turnarou

nd time 

and 

increase

d 

detectio

n 

sensitivi

ty. 

5 Lin & 

Chou 

(2022) 

AI in 

Toxico

logical 

Scienc

es 

Narrative 

review 

Physiolo

gically 

based 

pharmaco

kinetic 

(PBPK) 

modellin

g, 

predictiv

e 

toxicity/d

ose-

response 

models. 

AI-

support

ed 

predicti

ve 

models 

enhance

d 

toxicity 

predicti

on, 

dose-

respons

e 

analysis

, and 

simulati

on of 

toxicoki

netic 

process

es. 

PBPK 

models 

improve

d risk 

assessm

ent and 

chemica

l safety 

evaluati

on. 

Predictive 

models 

showed 

limited 

generaliza

bility 

across 

different 

populatio

ns, 

chemicals

, and 

biological 

conditions

. 

6 Almal

ki et 

al. 

(2024) 

AI in 

Toxico

logy 

Narrative 

review 

ML, DL, 

high-

throughp

ut 

screening 

systems, 

AI-

assisted 

toxicity 

predictio

n, data 

integratio

n 

technique

s. 

AI 

improve

d 

analytic

al 

efficien

cy, 

accelera

ted 

toxicity 

screenin

g, 

reduced 

depende

nce on 

animal 

testing, 

and 

enhance

d 

interpret

ation of 

toxicolo

gical 

data. 

Ethical 

concerns, 

algorithmi

c bias, 

data 

privacy 

issues, 

and lack 

of 

regulatory 

framewor

ks were 

major 

barriers to 

implemen

tation. 

7 Grafin

ger et 

al. 

(2026) 

Machi

ne 

Learni

ng in 

Forens

ic 

Toxico

logy 

Workfl

ows 

Narrative 

review 

Machine 

learning 

algorithm

s, 

chemome

tric 

modeling

, 

predictiv

e 

analytics, 

Machin

e 

learning 

improve

d 

forensic 

toxicolo

gy 

workflo

ws 

through 

Small and 

heterogen

eous 

datasets 

limited 

model 

generaliza

bility. 

Few real-

world 

validation 
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automate

d 

classifica

tion 

systems. 

automat

ed 

classific

ation of 

toxic 

substan

ces, 

pattern 

recognit

ion, and 

enhance

d 

interpret

ation of 

analytic

al data. 

studies 

were 

available. 

8 Pasin 

et al. 

(2025) 

AI and 

NLP in 

Toxico

logy 

Workfl

ow 

Autom

ation 

Narrative 

review 

Machine 

learning, 

Natural 

Language 

Processin

g (NLP), 

workflow 

automati

on 

systems, 

AI-driven 

data 

managem

ent. 

AI and 

NLP 

automat

ed 

toxicolo

gy 

workflo

ws, 

facilitat

ed data 

extracti

on from 

forensic 

databas

es, and 

improve

d 

analytic

al 

processi

ng 

efficien

cy and 

laborato

ry 

producti

vity. 

Validation 

and 

standardiz

ation 

issues 

remained 

unresolve

d, limiting 

large-

scale 

implemen

tation and 

cross-

laboratory 

consistenc

y. 

9 Skinni

der et 

al. 

(2021) 

DarkN

PS: 

Deep 

Genera

tive 

Model 

for 

NPS 

Structu

re 

Elucid

ation 

Method 

developm

ent (MS-

based) 

Deep 

generativ

e 

(recurrent 

neural 

network) 

model 

trained on 

known 

NPS 

structures 

to predict 

unidentifi

ed 

designer-

drug 

structures 

from 

mass 

spectra. 

DarkNP

S 

elucidat

ed the 

exact 

structur

e of 

unidenti

fied 

NPS 

with 

~51% 

top-1 

accurac

y and 

~86% 

top-10 

accurac

y, 

enablin

g de 

novo 

structur

e 

predicti

on 

ahead of 

substan

ces 

reachin

g 

referenc

e 

databas

es. 

Performan

ce 

depends 

on the size 

and 

diversity 

of the 

training 

structural 

library; 

accuracy 

decreases 

for 

structurall

y novel 

scaffolds 

outside 

prior 

chemical 

space. 

10 Jurow

ski & 

Krośni

ak 

(2024) 

In 

Silico 

Toxicit

y 

Predict

ion of 

AP-

In 

silico/QS

AR study 

In 

silico/co

mputatio

nal 

toxicolog

y 

(QSAR-

The in 

silico 

approac

h 

predicte

d key 

toxicity 

In silico 

prediction

s require 

empirical 

(in vivo/in 

vitro) 

confirmati 

238 

(NPS) 

based) 

modellin

g of 

toxicity 

endpoints 

for a 

newly 

identified 

psychoac

tive 

substance

. 

endpoin

ts for 

AP-238 

in the 

absence 

of 

empiric

al 

toxicolo

gical 

data, 

supporti

ng rapid 

clinical 

and 

forensic 

risk 

triage 

for 

emergin

g NPS. 

on; 

applicabili

ty domain 

limitation

s restrict 

extrapolat

ion to 

structurall

y 

dissimilar 

substance

s. 

11 Ketsek

ioulafi

s et al. 

(2024) 

AI in 

Forens

ic 

Scienc

es: 

Syste

matic 

Revie

w 

Systemati

c review 

Survey of 

ML/DL 

applicatio

ns across 

forensic 

subdiscip

lines 

(identific

ation, 

cause-of-

death 

estimatio

n, PMI, 

toxicolog

y, 

imaging). 

AI 

applicat

ions 

improve

d 

accurac

y and 

reprodu

cibility 

across 

multiple 

forensic 

domains

, 

includin

g 

toxicolo

gical 

screenin

g and 

postmor

tem 

interval 

estimati

on. 

Heterogen

eity of 

included 

study 

designs 

and AI 

methods 

limited 

direct 

comparabi

lity; 

forensic-

specific 

validation 

and legal 

admissibil

ity remain 

unresolve

d. 

12 Wong 

et al. 

(2023) 

GC-

MS 

Based 

Machi

ne 

Learni

ng 

Screen

ing of 

Unkno

wn 

NPS 

Method 

developm

ent (n = 

891 GC-

MS 

spectra) 

Supervise

d ML 

classifier

s — 

artificial 

neural 

network 

(ANN), 

convoluti

onal 

neural 

network 

(CNN), 

and 

balanced 

random 

forest 

(BRF). 

ML 

classifie

rs 

effectiv

ely 

screene

d seven 

NPS/co

mpound 

classes 

(cathino

nes, 

cannabi

noids, 

pheneth

ylamine

s, 

piperazi

nes, 

tryptami

nes, 

fentanyl

-type, 

and 

unrelate

d 

compou

nds) 

using 

GC-MS 

data 

alone, 

with 

balance

d 

random 

forest 

achievin

g the 

best 

Model 

performan

ce 

depends 

on the 

representa

tiveness 

of the 

training 

spectral 

library; 

classificat

ion of 

entirely 

novel 

structural 

classes 

remains 

challengin

g. 
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perform

ance 

(macro-

F1 ≈ 

0.9). 

13 Sharm

a, 

Diksh

a, 

Bhute 

& 

Bastia 

(2022) 

AI/ML 

for 

Postm

ortem 

Interva

l 

Predict

ion: 

Syste

matic 

Revie

w 

Systemati

c review 

(18 

studies) 

Survey of 

supervise

d and 

unsupervi

sed ML 

models 

(e.g., 

regressio

n, 

random 

forest, 

neural 

networks

) applied 

to PMI 

estimatio

n using 

microbio

me, 

biochemi

cal, and 

imaging 

data. 

ML 

models 

displaye

d high 

accurac

y and 

precisio

n for 

PMI 

predicti

on 

across 

preclini

cal and 

clinical 

studies, 

outperfo

rming 

tradition

al 

physical

-sign-

based 

estimati

on in 

several 

contexts

. 

Ethical, 

legal, and 

practical 

barriers to 

real-world 

implemen

tation 

persist; 

limited 

number of 

AI-trained 

forensic 

researcher

s and 

computati

onal 

complexit

y were 

noted as 

key 

barriers. 

14 Magn

usson 

et al. 

(2026) 

Huma

n 

Metab

olome 

and 

Machi

ne 

Learni

ng for 

PMI 

Predict

ion 

Retrospec

tive 

cohort (n 

= 4,876; 

validation 

n = 512) 

Feedforw

ard neural 

network 

trained on 

femoral 

blood 

metabolo

mic 

profiles 

from 

routine 

toxicolog

ical 

screening

. 

The 

neural 

network 

predicte

d PMI 

with a 

mean/m

edian 

absolute 

error of 

1.45/1.0

3 days, 

outperfo

rming 

six other 

ML 

architec

tures, 

and 

retained 

accurac

y 

(1.78/1.

29 days) 

on an 

indepen

dent, 

cross-

platfor

m 

validati

on set. 

Model 

trained on 

a single 

populatio

n/laborato

ry 

context; 

broader 

multi-site 

validation 

is needed 

before 

forensic 

casework 

adoption. 

15 Cui et 

al. 

(2022) 

Graves

oil 

Micro

biome 

and 

Rando

m 

Forest 

for 

PMI 

Predict

ion 

Experime

ntal/field 

study 

Random 

forest 

regressio

n applied 

to 

gravesoil 

microbio

me 

communi

ty 

sequenci

ng data. 

The 

random 

forest 

model 

predicte

d PMI 

with a 

mean 

absolute 

error of 

1.27 

days 

within a 

36-day 

decomp

osition 

window 

and 

identifie

d 18 

Findings 

are 

specific to 

soil/envir

onmental 

conditions 

studied; 

generaliza

bility 

across 

climates, 

soil types, 

and burial 

contexts 

requires 

further 

validation

. 

informa

tive 

bacteria

l taxa as 

biomark

ers. 

16 Lin, 

Chien, 

Wang, 

Wang, 

Yang, 

Tseng 

& 

Hung 

(2024) 

PS2M

S: 

Deep 

Learni

ng 

Predict

ion 

Syste

m for 

NPS 

Identif

ication 

Method 

developm

ent 

Deep 

learning 

(NEIMS/

DeepEI-

based 

spectrum 

predictio

n) 

combined 

with a 

synthetic 

NPS 

structure/

fingerpri

nt 

database 

and 

integrate

d 

similarity 

metrics. 

PS2MS 

successf

ully 

identifie

d 

cathino

ne 

derivati

ves in 

real 

forensic 

evidenc

e 

specime

ns by 

predicti

ng mass 

spectra 

for 

enumer

ated 

candidat

e NPS 

structur

es when 

no 

referenc

e 

spectru

m 

existed. 

Effectiven

ess is 

bounded 

by the 

completen

ess of the 

enumerate

d 

derivative 

database; 

computati

onally 

intensive 

for very 

large 

candidate 

structure 

sets. 

17 Teunis

, 

Luecht

efeld 

& 

Hartun

g 

(2025) 

AI and 

Open 

Scienc

e for 

Toxico

logical 

Risk 

Assess

ment 

Editorial/

perspecti

ve 

Discussio

n of AI-

enabled 

new 

approach 

methodol

ogies 

(NAMs), 

open 

data, and 

validatio

n 

framewor

ks for 

computat

ional 

toxicolog

y. 

The 

authors 

argue 

that 

combini

ng AI 

with 

open 

science 

practice

s can 

accelera

te 

validate

d, 

reprodu

cible 

toxicolo

gical 

risk 

assessm

ent and 

reduce 

reliance 

on 

animal 

testing. 

As an 

editorial/p

erspective 

piece, it 

does not 

present 

original 

empirical 

validation 

data; 

recommen

dations 

require 

empirical 

testing 

across 

toxicolog

y 

subfields. 

 

LIMITATIONS 

 

This review has several limitations. First, only 17 studies 

fulfilled the predefined eligibility criteria, reflecting the 

relatively recent development of AI applications 

specifically within forensic toxicology. Second, 

considerable heterogeneity existed among the included 

studies regarding AI methodologies, analytical platforms, 

study designs, and reported outcome measures, preventing 

quantitative meta-analysis. Third, most published studies 

focused on algorithm development or proof-of-concept 

investigations rather than validation using routine forensic 

casework. Finally, because AI technologies continue to 
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evolve rapidly, recently published studies may not have 

been captured within the selected search period. 

 

CHALLENGES AND FUTURE PERSPECTIVES 

 

Despite the encouraging findings, the reviewed studies 

consistently identified several limitations that currently 

restrict the routine implementation of AI in accredited 

forensic laboratories. Most AI models have been 

developed using relatively small and heterogeneous 

datasets, limiting their external validity. In addition, many 

algorithms function as "black-box" models, making their 

decision-making processes difficult to interpret, thereby 

raising concerns regarding explainability and legal 

admissibility in judicial proceedings. Other commonly 

reported challenges included insufficient external 

validation using real forensic casework, lack of 

standardized reporting guidelines, concerns regarding 

algorithmic bias, data privacy, and the absence of 

internationally accepted regulatory frameworks governing 

AI applications in forensic science. Overall, the evidence 

indicates that artificial intelligence has considerable 

potential to transform forensic toxicology through 

improved identification of novel psychoactive substances, 

enhanced predictive toxicology, more accurate 

postmortem interval estimation, and automation of 

laboratory workflows. Nevertheless, further multicentre 

validation studies, standardized datasets, transparent AI 

models, and comprehensive regulatory guidelines are 

required before these technologies can be routinely 

implemented in forensic practice. 

 

CONCLUSION 

 

Artificial intelligence is rapidly emerging as a valuable tool 

in forensic toxicology, with applications spanning novel 

psychoactive substance identification, predictive 

toxicology, postmortem interval estimation, and laboratory 

workflow automation. The reviewed evidence 

demonstrates that machine learning and deep learning 

models can improve analytical accuracy, enhance pattern 

recognition, accelerate data interpretation, and support 

forensic decision-making beyond the capabilities of 

conventional analytical approaches. Nevertheless, current 

evidence remains largely based on experimental research 

and narrative reviews rather than large-scale validation in 

accredited forensic laboratories. Future research should 

prioritize multicentre validation studies, development of 

transparent and explainable AI models, standardized 

reporting guidelines, and robust regulatory frameworks to 

ensure the scientific reliability and legal admissibility of 

AI-assisted forensic evidence. Successful integration of 

these advances will strengthen forensic toxicology practice 

and contribute to more accurate, efficient, and evidence-

based medico-legal investigations. 

 

DECLARATIONS 

 

Ethics Approval and Consent to Participate: 

This study is a systematic review of previously published 

literature and did not involve human participants, animals, 

or the collection of primary biological samples. Therefore, 

ethical approval and informed consent were not required. 

Availability of Data and Materials: All data analysed 

during this study were obtained from published literature 

and are included within this manuscript. Additional 

information is available from the corresponding author 

upon reasonable request. 

Conflict of Interest: The authors declare that they have no 

competing interests. 

Funding: This research received no specific grant from 

any funding agency in the public, commercial, or not-for-

profit sectors. 

Author Contributions: All authors contributed to the 

conception and design of the review, literature search, 

study selection, data extraction, interpretation of findings, 

manuscript drafting, critical revision of the manuscript, and 

approval of the final version for publication. 

Acknowledgements: The authors sincerely acknowledge 

the researchers whose published work formed the basis of 

this systematic review. They also thank their respective 

institutions for providing the academic resources and 

support necessary to complete this study. 

 

REFERENCES 

 

1. Wankhade TD, Ingale SW, Mohite PM, Bankar NJ. 

Artificial intelligence in forensic medicine and 

toxicology: the future of forensic medicine. Cureus. 

2022;14(8):e28376. doi:10.7759/cureus.28376. 

2. Skinnider MA, Wang F, Pasin D, Greiner R, Foster LJ, 

Dalsgaard PW, Wishart DS. A deep generative model 

enables automated structure elucidation of novel 

psychoactive substances. Nat Mach Intell. 

2021;3(11):973-984. doi:10.1038/s42256-021-00407-

x. 

3. Sharma R, Diksha, Bhute AR, Bastia BK. Application 

of artificial intelligence and machine learning 

technology for the prediction of postmortem interval: 

a systematic review of preclinical and clinical studies. 

Forensic Sci Int. 2022;340:111473. 

doi:10.1016/j.forsciint.2022.111473. 

4. Cui C, Song Y, Mao D, et al. Predicting the 

postmortem interval based on gravesoil microbiome 

data and a random forest model. Microorganisms. 

2022;11(1):56. 

doi:10.3390/microorganisms11010056. 

5. Lin KY, Chou CC. Machine learning and artificial 

intelligence in toxicological sciences. Toxicol Sci. 

2022;189(1):7-19. doi:10.1093/toxsci/kfac075. 

6. Wong SL, Ng LT, Tan J, Pan J. Screening unknown 

novel psychoactive substances using GC-MS based 

machine learning. Forensic Chem. 2023;34:100496. 

7. Jurowski K, Krośniak A. Prediction of key toxicity 

endpoints of AP-238, a new psychoactive substance 

for clinical toxicology and forensic purposes using in 

silico methods. Sci Rep. 2024;14:79453. 

doi:10.1038/s41598-024-79453-5. 

8. Ketsekioulafis I, Sakelliadis EI, et al. Artificial 

intelligence in forensic sciences: a systematic review 

27 | Page



 

9 | P a g e  
 

S D. et. al. Artificial Intelligence in Forensic Toxicology 

of past and current applications and future 

perspectives. Cureus. 2024;16(9):e70363. 

doi:10.7759/cureus.70363. 

9. Lin YC, Chien WC, Wang YX, Wang YH, Yang FS, 

Tseng LP, Hung JH. PS2MS: A deep learning-based 

prediction system for identifying new psychoactive 

substances using mass spectrometry. Anal Chem. 

2024;96(12):4835-4844. 

doi:10.1021/acs.analchem.3c05019. 

10. Teunis M, Luechtefeld T, Hartung T. Editorial: 

Leveraging artificial intelligence and open science for 

toxicological risk assessment. Front Toxicol. 

2025;7:1568453. doi:10.3389/ftox.2025.1568453. 

11. Pasin D, et al. Natural language processing and 

workflow automation in forensic toxicology 

laboratories. 2025. 

12. Magnusson R, Söderberg C, Ward LJ, Arpe J, 

Kugelberg FC, Elmsjö A, Green H, Nyman E. The 

human metabolome and machine learning improves 

predictions of the post-mortem interval. Nat Commun. 

2026. doi:10.1038/s41467-026-69158-w. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

13. Grafinger KE, Weinmann W, Pasin D, Gréen H, Stove 

CP, Schöning V, Hammann F. Machine learning in 

forensic toxicology: Concepts, applications and 

challenges in bioanalysis, ADME, and 

toxicodynamics. Forensic Sci Int. 2026;383:112883. 

doi:10.1016/j.forsciint.2026.112883. 

14. Marinelli E, et al. Recent advances in artificial 

intelligence and machine learning applications in 

forensic toxicology. 2026. 

15. Raja S, et al. Machine learning approaches for the 

interpretation of postmortem toxicological data. 2026. 

16. Almalki S, et al. Applications of artificial intelligence 

in analytical toxicology: A narrative review. 2024. 

17. Jhatam A. Digital forensic chemistry: A systematic 

review of analytical and computational approaches. 

2025. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

How to Cite: Gaur M, Singh S. Mephedrone and its Reaction with 

Chen – Kao Reagent: A Forensic Perspective on Presumptive (Color 

Reaction Based) Identification of Synthetic Cathinones. Int. J. 

Forensic, Legal & Health Sci. 2026;1(2):20-24. doi: 

10.62502/ijflhs/v1i2art4 

24 | Page 

28 | Page

2026; 1 (2): 20-2828


