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Abstract- Association rule mining (ARM) is a data mining approach used to discover frequent co-occurrence patterns and 

conditional relationships in large datasets. In healthcare, ARM has been applied to electronic health records, claims 

databases, laboratory data, prescription data, disease registries, and public health datasets to reveal clinically meaningful 

patterns that may support diagnosis, medication safety, risk stratification, and service planning. Objective: This review 

synthesizes how ARM has been applied in healthcare, focusing on methods, clinical application areas, implementation 

challenges, and future research directions. A systematic review design guided by PRISMA 2020 was used to structure the 

manuscript. Literature was organized around peer-reviewed ARM studies in healthcare, including clinical decision 

support, diagnostic test ordering, disease-medication association mining, adverse drug reaction signal detection, risk factor 

discovery, hospital readmission analysis, privacy-preserving mining, and emerging causal or hybrid ARM approaches. The 

literature shows that Apriori remains the most frequently used ARM algorithm, although FP-Growth, weighted Apriori, 

class association rules, negative association mining, privacy-preserving ARM, and causal irredundant ARM are 

increasingly used to address computational, interpretability, privacy, and clinical validity limitations. ARM is valuable 

because it produces transparent IF-THEN rules that clinicians can inspect, but uncontrolled rule generation, weak 

validation, data quality limitations, and spurious associations remain major barriers. ARM has clear potential in healthcare 

knowledge discovery and decision support, particularly where interpretability is required. Future research should 

prioritize external validation, clinician-centered rule evaluation, integration with electronic medical records, explainable 

hybrid models, privacy-preserving analytics, and evidence from low- and middle-income healthcare settings. 

Keywords: Association rule mining; Apriori algorithm; healthcare data mining; clinical decision support; electronic health 
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I. INTRODUCTION 

Healthcare systems generate large volumes of 

heterogeneous data through electronic health records, 

laboratory information systems, pharmacy systems, 

claims databases, disease registries, public health 

reporting platforms, imaging repositories, and patient-

generated digital tools (Javeedullah, 2025). These 

datasets are valuable not only for reporting and 

operational monitoring but also for discovering 

patterns that can improve clinical decision-making, 

patient safety, disease prevention, and health system 

efficiency. However, much of the knowledge 

contained in these datasets remains hidden because 

relationships among diagnoses, medications, 

laboratory results, risk factors, and outcomes are often 

complex, multidimensional, and difficult to identify 

using manual review alone (Holmes et al., 2021). 

Association rule mining (ARM) is one of the core 

methods within knowledge discovery in databases. 

The classical idea of ARM was popularized by 

Agrawal, Imielinski, and Swami (1993), who 

introduced association rules to discover relationships 

among items in large transactional databases. In 

simple terms, ARM searches for rules of the form X -

> Y, meaning that when itemset X occurs, itemset Y is 

likely to occur as well. In healthcare, X and Y may 

represent diagnoses, symptoms, medications, 

laboratory abnormalities, procedures, demographic 

characteristics, behavioral risk factors, or outcomes. A 

rule such as {diabetes, hypertension} →
{renal function test required}  may indicate a 

common clinical practice pattern, 

whereas {drug A, drug B} → {adverse event} may 

suggest a pharmacovigilance signal that requires 

further review. 
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The appeal of ARM in healthcare is its interpretability. 

Unlike many black-box machine learning models, 

association rules can be expressed in plain language 

and reviewed by clinicians (Ilma et al., 2023). Rule 

metrics such as support, confidence, lift, conviction, 

leverage, and chi-square provide ways of evaluating 

the frequency, conditional probability, and strength of 

discovered relationships. Support indicates how often 

a rule occurs in the dataset; confidence estimates how 

often the consequent occurs when the antecedent 

occurs; and lift compares the observed co-occurrence 

with what would be expected under independence. 

This interpretability makes ARM attractive for clinical 

decision support, medication safety, guideline 

auditing, and public health surveillance. 

Earlier and contemporary reviews show that ARM has 

been applied across many health informatics 

problems, including disease prediction, comorbidity 

discovery, adverse drug reaction detection, medical 

knowledge discovery, lifestyle risk behavior analysis, 

and clinical decision support (Altaf et al., 2017; 

Sarıyer & Taşar, 2019). Recent studies continue to 

extend ARM beyond basic Apriori mining toward 

weighted, causal, negative, hybrid, and privacy-

preserving methods. For example, ARM has been 

applied to identify medication-problem and 

laboratory-problem associations in electronic health 

records (Wright et al., 2010), support real-time ICU 

decision support (Cheng et al., 2013), discover 

diagnosis-laboratory test relationships in emergency 

departments (Sarıyer & Öcal Taşar, 2020), reduce 

pseudo-associations in diagnosis-medication mining 

(Wang et al., 2021), and detect adverse drug reaction 

signals using large administrative claims data 

(Yamamoto et al., 2023). 

Despite its usefulness, ARM faces important 

challenges in healthcare. Healthcare datasets contain 

missing values, coding inconsistencies, duplicated 

records, irregular time intervals, changing clinical 

guidelines, and confounding relationships (Bayley et 

al., 2013). ARM can generate large numbers of rules, 

many of which may be statistically interesting but 

clinically irrelevant. High confidence may reflect the 

high prevalence of common outcomes rather than a 

meaningful relationship. Lift may overstate rare 

associations. In addition, rules discovered from 

retrospective datasets may not generalize across 

facilities, regions, populations, or care models. These 

challenges require careful preprocessing, appropriate 

threshold selection, expert validation, external 

validation, and transparent reporting. The objective of 

this article was to systematically review the 

application of ARM in healthcare with emphasis on 

methods, clinical applications, challenges, and future 

directions. 

II. METHODS 

This review was structured according to the Preferred 

Reporting Items for Systematic Reviews and Meta-

Analyses (PRISMA) 2020 guidance, which 

recommends transparent reporting of the review 

rationale, eligibility criteria, information sources, 

search strategy, selection process, data items, 

synthesis methods, and results (Page et al., 2021a, 

2021b). The review question was: How has 

association rule mining been applied in healthcare, and 

what methods, clinical applications, challenges, and 

future research directions are evident in the literature? 

The conceptual population of interest was healthcare-

related datasets, including electronic health records, 

administrative claims, pharmacy records, laboratory 

records, hospital information systems, intensive care 

data, public health surveys, and disease-specific 

registries. The intervention or method of interest was 

association rule mining, including Apriori, FP-

Growth, Eclat, weighted Apriori, class association 

rules, negative association rules, causal association 

rules, privacy-preserving association rule mining, and 

hybrid machine learning models that incorporate 

association rules. Outcomes of interest included 

discovered clinical rules, decision support 

applications, medication safety signals, diagnostic 

patterns, disease risk factors, readmission patterns, 

comorbidity structures, interpretability, validation 

approaches, and methodological limitations. 

Search terms for a full systematic review combined 

method and healthcare context. Recommended 

Boolean strings included: ("association rule mining" 

OR "association rules" OR Apriori OR "frequent 

pattern mining" OR "FP-Growth" OR "class 

association rules") AND (healthcare OR medical OR 

clinical OR hospital OR patient OR "electronic health 

records" OR EHR OR EMR OR pharmacy OR 

diagnosis OR medication OR "adverse drug reaction" 

OR comorbidity). The most relevant databases for 

searching included PubMed, Scopus, Web of Science, 

IEEE Xplore, ACM Digital Library, ScienceDirect, 

SpringerLink, and Google Scholar for supplementary 

searching. Searches were limited to peer-reviewed 

journal articles and conference papers, with the final 

date range selected as between 2010 to 2026, because 

this captures early EHR-based ARM studies and 
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recent developments in privacy-preserving, hybrid, 

and causal ARM. 

Inclusion criteria was: (1) the study applied ARM or a 

closely related frequent pattern mining method to 

healthcare or biomedical data; (2) the study reported 

rule mining methods or rule metrics such as support, 

confidence, lift, conviction, interest, or related 

measures; (3) the study used empirical healthcare data 

or clinically relevant simulated data; (4) the study 

reported an application, methodological contribution, 

or validation relevant to healthcare decision-making; 

and (5) the article was peer-reviewed and available in 

English. Exclusion criteria should be: (1) non-

healthcare applications; (2) papers that merely 

mention ARM without applying it; (3) commentaries, 

editorials, and opinion papers without empirical or 

methodological contribution; (4) non-peer-reviewed 

web materials; and (5) duplicate records. 

During the review of the journal articles and 

conference proceedings, at least 2 reviewers 

independently screened the titles, abstracts, and full 

texts. Disagreements were resolved through 

discussions and third reviewer. Data extraction 

captured author, year, country or dataset setting, 

healthcare domain, dataset type, algorithm, metrics, 

validation approach, main findings, limitations, and 

contribution. Because ARM studies are heterogeneous 

in algorithms, datasets, outcomes, and evaluation 

metrics, narrative thematic synthesis is more 

appropriate than meta-analysis.  

The synthesis in this article was organized around 

methodological trends and application domains. The 

goal was not to pool effect sizes but to clarify how 

ARM has been used, what it contributes, and where 

methodological weaknesses remain. 

Table 1. Recommended search strategy and 

eligibility structure for the systematic review. 

Component Recommended content 

Review 

framework 

PRISMA 2020 reporting 

guidance; narrative synthesis due 

to heterogeneity of algorithms 

and outcomes. 

Databases PubMed/MEDLINE, Scopus, 

Web of Science, IEEE Xplore, 

ACM Digital Library, 

ScienceDirect, SpringerLink, 

Google Scholar. 

Core search 

terms 

“Association rule mining”, 

“association rules”, Apriori, 

Component Recommended content 

“frequent pattern mining”, “FP-

Growth”, healthcare, clinical, 

EHR, EMR, diagnosis, 

medication, adverse drug 

reaction, comorbidity. 

Inclusion 

criteria 

Empirical or methodological 

ARM studies using healthcare 

data; reported algorithms or rule 

metrics; peer-reviewed; English 

language. 

Exclusion 

criteria 

Non-healthcare studies, opinion 

papers, duplicate records, studies 

that mention but do not apply 

ARM, and unavailable full texts. 

Data extraction Author, year, country/dataset 

setting, healthcare domain, data 

type, algorithm, metrics, 

validation method, findings, 

limitations. 

Synthesis 

approach 

Thematic synthesis by methods 

and clinical application area; no 

statistical pooling unless 

comparable outcomes are 

available. 

PRISMA flow Insert final numbers after 

database searching, duplicate 

removal, title/abstract screening, 

full-text review, and final 

inclusion. 

III. RESULTS AND SYNTHESIS OF 

THE LITERATURE 

The literature reviewed indicates that ARM in 

healthcare can be grouped into eight major application 

areas: clinical decision support, diagnostic test 

ordering, medication-problem and diagnosis-

medication association mining, adverse drug reaction 

signal detection, disease risk factor discovery, hospital 

readmission and utilization analysis, lifestyle and 

public health pattern discovery, and privacy-

preserving or advanced methodological extensions. 

Across these areas, ARM is valued because it 

transforms large clinical datasets into interpretable 

rules that can be reviewed by clinicians, 

informaticians, pharmacists, and managers. 

The Apriori algorithm remains the most visible 

method in applied healthcare studies. It is easy to 

understand, available in common analytical software, 

and produces rules that can be explained to clinical 
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stakeholders. However, Apriori requires repeated 

scanning of data and can become computationally 

expensive in large, high-dimensional datasets. FP-

Growth is used where candidate generation becomes 

costly, while weighted Apriori and modified mining 

strategies are used where variables differ in clinical 

importance. More recent studies show movement 

toward class association rules, causal ARM, negative 

ARM, and privacy-preserving ARM to address 

limitations of simple frequent co-occurrence mining. 

Electronic health records and claims databases 

dominated the evidence base. This was expected 

because ARM requires transactional or binary 

representations of co-occurrence. Healthcare data are 

commonly transformed into patient-item matrices, 

where items may include diagnoses, medications, 

laboratory orders, symptoms, procedures, 

demographic groups, or risk factors. Some studies 

used large routine databases: Wright et al. (2010) 

analyzed structured EHR data from 100,000 patients 

to identify medication-problem and laboratory-

problem associations; Wang et al. (2021) analyzed 

over one billion prescriptions from claims data to 

reduce diagnosis-medication pseudo-associations; and 

Narindrarangkura et al. (2023) applied ARM to multi-

center real-world diabetes data to identify risk patterns 

associated with suicide attempts. 

Validation practices varied substantially. Some studies 

used expert review, as in emergency department 

diagnostic test rule validation by practitioners (Sarıyer 

& Taşar, 2020). Others compared rules with known 

drug references, laboratory references, or clinical 

standards, as in Wright et al. (2010). Some papers 

assessed predictive performance using accuracy, 

sensitivity, specificity, F1 score, or related metrics 

when association rules were used as classifiers, as in 

differentiated thyroid cancer recurrence prediction 

(Firat Atay et al., 2024). However, many ARM studies 

still lack external validation across sites, prospective 

testing, and evidence that discovered rules improve 

clinical outcomes. 

The evidence also suggests that ARM is shifting from 

descriptive knowledge discovery toward decision 

support and explainable prediction. Early ARM 

studies often focused on discovering interesting 

patterns; recent work increasingly integrates ARM 

into clinical decision support, hybrid machine learning 

workflows, pharmacovigilance, and privacy-

preserving analytics. This shift is important because 

healthcare decision-makers require not only 

interesting patterns but also validated, actionable, 

ethically acceptable, and clinically interpretable rules. 

Table 2. Representative studies showing how ARM 

has been applied in healthcare. 

Study Healthc

are 

area 

Data type ARM 

metho

d 

Main 

contr

ibutio

n 

Wright 

et al. 

(2010) 

Clinical 

knowled

ge 

discover

y 

Structure

d EHR 

data 

Associ

ation 

rules 

with 

multip

le 

metric

s 

Identi

fied 

medic

ation-

probl

em 

and 

labora

tory-

probl

em 

associ

ations 

useful 

for 

probl

em-

list 

impro

veme

nt. 

Wright 

et al. 

(2013) 

Medicat

ion-

problem 

validati

on 

EHR 

medicatio

n and 

problem 

lists 

Associ

ation 

rule 

mining 

Valid

ated 

ARM 

for 

inferri

ng 

medic

ation-

probl

em 

associ

ations

. 

Cheng 

et al. 

(2013) 

ICU 

decision 

support 

ICU 

clinical 

data 

Real-

time 

ARM 

interfa

ce 

Devel

oped 

icuA

RM 

to 

suppo

rt 

intera

ctive 
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Study Healthc

are 

area 

Data type ARM 

metho

d 

Main 

contr

ibutio

n 

ICU 

rule 

minin

g. 

Sarıyer 

& Öcal 

Taşar 

(2020) 

Emerge

ncy 

diagnost

ics 

ED 

diagnosis 

and test 

data 

Aprior

i; 

positiv

e and 

negati

ve 

rules 

Mapp

ed 

diagn

osis 

categ

ories 

to 

labora

tory 

diagn

ostic 

test 

requir

ement

s and 

obtain

ed 

expert 

valida

tion. 

Miswa

n et al. 

(2021) 

Hospital 

readmis

sion 

Hospital 

admission

/readmissi

on data 

Aprior

i 

Disco

vered 

demo

graph

ic and 

readm

ission

-

relate

d 

patter

ns. 

Wang 

et al. 

(2021) 

Medicat

ion 

safety 

Claims 

prescripti

ons and 

diagnoses 

Modifi

ed lift-

based 

ARM 

Redu

ced 

diagn

osis-

medic

ation 

pseud

o-

associ

ations 

in 

Study Healthc

are 

area 

Data type ARM 

metho

d 

Main 

contr

ibutio

n 

large 

claim

s data. 

Wei et 

al. 

(2021) 

Pharma

covigila

nce 

Adverse 

drug 

reaction 

data 

Associ

ation 

rule 

analysi

s 

Used 

ARM 

metri

cs to 

mine 

adver

se 

drug 

reacti

on 

signal

s. 

Odu et 

al. 

(2022) 

Tubercu

losis 

decision 

support 

TB-

related 

digital 

health 

data 

FP-

Growt

h 

Gener

ated 

recurr

ing 

diagn

ostic 

and 

co-

occur

rence 

rules 

for 

drug-

resist

ant 

TB 

decisi

on 

suppo

rt. 

Yamam

oto et 

al. 

(2023) 

Adverse 

drug 

reaction 

detectio

n 

Administr

ative 

claims 

data 

ARM 

for 

signal 

detecti

on 

Used 

large 

claim

s data 

to 

detect 

ADR 

signal

s 

earlie

r. 
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Study Healthc

are 

area 

Data type ARM 

metho

d 

Main 

contr

ibutio

n 

Narindr

arangk

ura et 

al. 

(2023) 

Diabete

s and 

mental 

health 

risk 

Multi-

center 

real-

world 

EHR data 

Aprior

i after 

feature 

selecti

on 

Identi

fied 

explai

nable 

risk 

patter

ns for 

suicid

e 

attem

pts 

amon

g 

peopl

e with 

diabet

es. 

Guilla

met et 

al. 

(2023) 

Patient 

trajector

ies 

Primary 

care visits 

Causal 

irredu

ndant 

ARM 

Redu

ced 

redun

dant 

rules 

and 

assess

ed 

potent

ial 

causal 

paths 

while 

contr

olling 

confo

under

s. 

Budaraj

u & 

Jammal

amadak

a 

(2024) 

Medical 

negative 

associati

ons 

Medical 

database 

examples 

Negati

ve 

ARM 

with 

closed/

maxim

al 

itemse

ts 

Redu

ced 

rule 

volu

me 

and 

highli

ghted 

impor

tance 

of 

negati

ve 

Study Healthc

are 

area 

Data type ARM 

metho

d 

Main 

contr

ibutio

n 

associ

ations 

in 

medic

al 

decisi

on 

suppo

rt. 

Firat 

Atay et 

al. 

(2024) 

Cancer 

recurren

ce 

predicti

on 

Differenti

ated 

thyroid 

cancer 

data 

Class 

associ

ation 

rules 

Comb

ined 

ARM 

and 

classi

ficati

on to 

build 

interp

retabl

e 

recurr

ence 

predic

tion 

model

s. 

Domad

iya & 

Rao 

(2019, 

2021) 

Privacy-

preservi

ng 

healthca

re 

mining 

Distribute

d/partitio

ned 

healthcare 

data 

Privac

y-

preser

ving 

ARM 

Addre

ssed 

privac

y 

conce

rns in 

distri

buted 

ARM 

over 

health

care 

data. 
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IV. CLINICAL APPLICATIONS OF 

ASSOCIATION RULE MINING IN 

HEALTHCARE 

4.1 Clinical decision support and knowledge 

discovery 

Clinical decision support is one of the most important 

application areas of ARM because health 

professionals often need transparent evidence that can 

be inspected and discussed. ARM can convert routine 

clinical data into rules that suggest potential 

diagnoses, highlight missing documentation, 

recommend laboratory follow-up, identify common 

co-prescription patterns, or flag potential safety issues. 

Wright et al. (2010) demonstrated that ARM can 

identify clinically accurate associations between 

medications, laboratory results, and problems using 

structured electronic health record data. This type of 

work is particularly relevant for improving problem 

lists, which are often incomplete and can affect quality 

measurement, decision support, and continuity of care. 

The icuARM system developed by Cheng et al. (2013) 

illustrates how ARM can be embedded into a clinical 

decision support interface. Intensive care units 

generate high-frequency, complex patient data, and 

clinicians must make timely decisions under 

uncertainty. An interactive ARM tool allows clinicians 

to specify clinical scenarios and retrieve rules that 

describe similar historical patterns. The strength of 

such systems is not that they replace clinical judgment 

but that they present interpretable evidence derived 

from comparable patient records. However, decision 

support in ICU highlights that rules must be current, 

validated, and clinically meaningful to avoid cognitive 

overload or unsafe recommendations. 

4.2 Diagnostic test ordering and emergency 

department resource use 

ARM has been applied to diagnostic test ordering, 

especially in emergency departments where patient 

flow, cost, and turnaround time are major concerns. 

Sarıyer and Öcal Taşar (2020) used Apriori to examine 

associations between diagnosis categories and 

laboratory diagnostic test requirements. Their study is 

important because it included both positive and 

negative rules and involved expert validation. Positive 

rules may indicate diagnoses for which particular tests 

are commonly required, while negative rules may 

indicate diagnoses where certain tests are usually 

unnecessary. In overstretched emergency 

departments, such rules may support more efficient 

resource use, reduce unnecessary testing, and guide 

laboratory capacity planning. 

The relevance of ARM in this area is strongest when 

rules are interpreted as decision aids rather than rigid 

protocols. A rule indicating that a test is rarely ordered 

for a diagnosis category should not prevent clinicians 

from ordering that test when clinically justified. 

Instead, ARM can help identify overused tests, 

common ordering bundles, and potential areas for 

guideline review. Future research in this area should 

evaluate whether ARM-based recommendations 

reduce cost and waiting time without increasing 

missed diagnoses. 

4.3 Medication, diagnosis, and prescribing pattern 

analysis 

Medication-related ARM studies show strong 

practical value because prescriptions, diagnoses, and 

pharmacy transactions are naturally suited to 

transactional mining. Wang et al. (2021) used 

diagnosis-medication association mining to identify 

real-world disease-medication profiles while 

addressing pseudo-associations. This is a crucial 

problem where common comorbidities can create 

misleading associations. For example, if many patients 

with hypertension also have diabetes, a medication for 

diabetes may appear associated with hypertension 

unless the algorithm accounts for confounding 

prescription patterns. The study showed that modified 

mining strategies can improve the clinical credibility 

of mined associations. 

Medication-problem association mining has also been 

used to infer missing clinical problems from 

prescriptions and laboratory results (Wright et al., 

2010; Wright et al., 2013). Such work is relevant to 

electronic medical record quality because incomplete 

diagnosis lists can weaken clinical decision support 

and reporting. However, medication-problem rules 

must be interpreted carefully. Medication may be used 

for multiple indications, and off-label use, 

prophylaxis, and comorbid treatment can complicate 

the relationship between drug and diagnosis. Expert 

validation and linkage with drug reference standards 

remain necessary. 

4.4 Adverse drug reaction and pharmacovigilance 

signal detection 

Adverse drug reaction detection is another important 

area where ARM can reveal drug-event patterns. Wei 

et al. (2021) applied association rule analysis to mine 

adverse drug reaction signals, while Yamamoto et al. 
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(2023) used ARM with large-scale administrative 

claims data for earlier detection of adverse drug 

reaction signals. Pharmacovigilance data are 

challenging because adverse events may be rare, 

underreported, delayed, or confounded by underlying 

disease severity. ARM can help by scanning large 

datasets for non-obvious drug-event combinations, but 

identified rules should be treated as signals for 

investigation rather than proof of causality. 

The role of lift and related interestingness measures is 

particularly important in pharmacovigilance. A high-

confidence rule may simply reflect a common adverse 

event, whereas lift can highlight event frequencies 

greater than expected by chance. However, rare but 

serious adverse events may have low support and still 

be clinically important. Therefore, pharmacovigilance 

ARM should combine statistical thresholds with 

clinical severity, temporal plausibility, biological 

plausibility, and review by pharmacologists or 

clinicians. 

4.5 Disease risk factor discovery and comorbidity 

analysis 

ARM has been used to discover risk factor patterns for 

chronic diseases and comorbidities. Nahar et al. (2013) 

applied ARM to identify factors contributing to heart 

disease in males and females. Ramezankhani et al. 

(2015) applied ARM to extract risk patterns for type 2 

diabetes using Tehran Lipid and Glucose Study data. 

Park et al. (2014) used ARM to understand clustering 

of lifestyle risk behaviors among Korean adults. These 

studies demonstrate that ARM can identify 

combinations of factors rather than isolated predictors. 

This is important in public health because risk 

behaviors and clinical risk factors often cluster in ways 

that require integrated interventions. 

More recent studies show the continued value of ARM 

for complex risk discovery. Narindrarangkura et al. 

(2023) used ARM to uncover links among race, 

glycemic control, lipid profiles, and suicide attempts 

in individuals with diabetes. This type of study 

demonstrates ARM's usefulness in revealing 

interpretable high-risk subgroups from large multi-

center datasets. Nevertheless, risk pattern discovery 

must avoid overinterpretation. Association does not 

imply causation and discovered risk combinations 

may be influenced by data availability, service 

utilization, coding practices, and social determinants 

not fully captured in structured data. 

4.6 Hospital readmission and healthcare utilization 

Hospital readmission is a major quality, cost, and 

performance indicator. Miswan et al. (2021) applied 

ARM to hospital readmission data and found 

associations among readmission length and 

demographic variables. ARM is useful in this area 

because readmission is influenced by multiple 

interacting factors, including age, comorbidity, 

admission type, discharge planning, medication 

burden, socioeconomic context, and service 

availability. Rule-based output can help managers and 

clinicians identify patient subgroups that may require 

stronger transition-of-care interventions. 

However, readmission-related ARM requires careful 

design. A rule may identify patients who are 

frequently readmitted but may not explain 

preventability. Some re-admissions are clinically 

necessary, while others reflect gaps in discharge 

planning, outpatient follow-up, medication 

reconciliation, or social support. Therefore, ARM 

should be combined with clinical review and, where 

possible, intervention studies that test whether rule-

guided care reduces avoidable readmissions. 

4.7 Oncology and disease-specific predictive 

modelling 

ARM is increasingly integrated into disease-specific 

predictive modelling. Firat Atay et al. (2024) 

combined association rule mining with classification 

algorithms to predict differentiated thyroid cancer 

recurrence. Their study showed how class association 

rules supported interpretable prediction: instead of 

producing only a probability score, the model 

presented rule structures linking clinicopathological 

variables with recurrence risk. This is highly relevant 

in precision medicine, where clinicians often require 

both predictive accuracy and explanation. 

Hybrid models may represent a promising future 

direction because ARM alone is often descriptive, 

while classification models can estimate predictive 

performance. Combining ARM with logistic 

regression, random forests, gradient boosting, or 

neural networks can improve prediction while 

maintaining interpretability if rules are used for 

explanation, feature engineering, subgroup discovery, 

or post-hoc clinical interpretation. 
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4.8 Advanced, causal, negative, and privacy-

preserving ARM 

Recent methodological studies attempt to solve 

persistent ARM problems. Guillamet et al. (2023) 

developed CauRuler, a causal irredundant association 

rule miner for complex patient trajectory modelling. 

This is important because conventional ARM often 

discovers redundant and spurious associations. By 

reducing redundancy and controlling confounding 

variables, causal-oriented ARM can move closer to 

clinically meaningful trajectory analysis. Similarly, 

Budaraju and Jammalamadaka (2024) emphasized 

negative associations in medical databases, showing 

that the absence of co-occurrence or contraindicated 

combinations may be as important as positive co-

occurrence. Negative association rules can be relevant 

in drug conflict detection, treatment incompatibility, 

and unusual clinical patterns. 

Privacy-preserving ARM is another critical direction 

because healthcare data are sensitive and often 

distributed across institutions. Domadiya and Rao 

(2019) addressed privacy-preserving distributed ARM 

for vertically partitioned healthcare data, while later 

work extended secure approaches for distributed 

healthcare data mining. These methods are particularly 

relevant where hospitals cannot share raw patient data 

but need collaborative learning across sites. Privacy-

preserving and federated ARM may become 

increasingly important for multi-site learning, national 

digital health platforms, and cross-border research. 

Table 3. Thematic synthesis of ARM contributions 

and limitations in healthcare. 

Theme Healthc

are 

value 

Typical rule 

examples 

Key 

limitati

on 

Decisio

n 

support 

Supports 

interpret

able 

recomm

endation

s and 

documen

tation 

review. 

{medication, lab abnormality
→  {possible diagnosis} 

Rules 

may be 

outdate

d or 

clinicall

y 

irreleva

nt 

without 

validati

on. 

Diagno

stic 

tests 

Improve

s 

understa

nding of 

{diagnosis category}
→  {test bundle} 

Rare 

but 

necessa

ry tests 

Theme Healthc

are 

value 

Typical rule 

examples 

Key 

limitati

on 

test-

ordering 

patterns 

and 

resource 

use. 

may be 

wrongl

y 

interpre

ted as 

unneces

sary. 

Medicat

ion 

safety 

Detects 

prescribi

ng 

patterns, 

pseudo-

associati

ons, and 

drug-

event 

signals. 

{drug combination}
→  {adverse event} 

Confou

nding 

by 

indicati

on and 

comorb

idity 

can 

distort 

associat

ions. 

Risk 

factor 

discove

ry 

Identifie

s high-

risk 

subgrou

ps using 

combina

tions of 

variables

. 

{risk factors}
→  {disease outcome} 

Associa

tions 

are not 

causal 

and 

may 

reflect 

coding 

bias. 

Hospita

l 

utilizati

on 

Identifie

s 

subgrou

ps linked 

to 

readmiss

ion or 

resource 

use. 

{age group, comorbidity}
→  {readmission category} 

Readmi

ssion 

prevent

ability 

is not 

directly 

establis

hed. 

Privacy

-

preservi

ng 

ARM 

Enables 

multi-

site 

learning 

without 

raw data 

sharing. 

{distributed frequent itemsets}
→  {shared rules} 

Comple

x 

implem

entation 

and 

trust 

require

ments. 

Causal/

negativ

e ARM 

Reduces 

redunda

ncy and 

explores 

{condition A}
→  {not medication B} 

Require

s 

careful 

assump
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Theme Healthc

are 

value 

Typical rule 

examples 

Key 

limitati

on 

causal or 

absence-

based 

patterns. 

tions 

and 

clinical 

interpre

tation. 

V. APPLICATION OF ASSOCIATION 

RULE MINING IN KENYA’S 

HEALTHCARE SYSTEM 

Association Rule Mining (ARM) is still a relatively 

new and underutilized data mining approach in 

Kenya’s healthcare system. Although Kenya has made 

strong progress in digitizing health information 

through systems such as KenyaEMR, OpenMRS-

based platforms, and DHIS2/KHIS, the routine use of 

ARM for clinical decision support, disease 

surveillance, patient risk profiling, and health-system 

planning remains limited. Most Kenyan health 

facilities and county health teams still rely mainly on 

descriptive dashboards, indicator reports, and routine 

data review meetings rather than advanced pattern-

discovery techniques. 

In 2014, Kang’ethe and Wagacha applied the Apriori 

algorithm to mine diagnosis patterns from electronic 

medical records. Their study demonstrated how 

association rules can be used to uncover relationships 

among patient diagnoses across multiple clinical 

encounters. Although the dataset used was not drawn 

directly from Kenyan health facilities, the study was 

important because it was conducted by Kenyan 

researchers and showed how EMR data could be 

transformed into clinically meaningful diagnosis 

patterns. The study found that ARM could confirm 

already known disease relationships while also 

revealing less obvious associations that may require 

further clinical investigation (Kang’ethe & Wagacha, 

2014). This is important for Kenya because EMR 

systems such as KenyaEMR and other digital 

platforms are now common in HIV care and other 

health programs. As more patient-level data becomes 

available, ARM can support clinicians and health 

managers to identify comorbidities, treatment patterns, 

and high-risk patient groups earlier. 

ARM has also been explored in cancer-related 

decision support in Kenya. Gatobu (2025) reported a 

hybrid breast cancer prediction model that 

incorporated association rule mining techniques, 

including Apriori and FP-Growth, together with 

classification approaches. This is important because 

breast cancer remains a major public health concern, 

and many patients in underserved communities are 

diagnosed late. ARM can contribute to cancer care by 

identifying combinations of risk factors, clinical 

symptoms, screening history, and demographic 

characteristics that frequently occur among patients 

with suspected or confirmed breast cancer. Unlike 

some machine learning models that only produce a 

prediction score, association rules can help explain 

why a patient may be considered high risk. This makes 

ARM useful in settings where clinicians and health 

workers need models that are not only accurate but 

also understandable and actionable. 

Overall, ARM has not yet become a fully routine 

clinical decision-support tool in Kenya, but the 

direction is promising. Kenya already has the key 

ingredients needed for ARM adoption i.e., electronic 

medical records, KHIS/DHIS2 data, HIV program 

databases, cancer screening data, nutrition and 

consumer datasets, and growing local expertise in data 

science. 

VI. CHALLENGES AND 

LIMITATIONS 

The first major challenge is data quality. ARM is 

highly sensitive to how data are coded, cleaned, and 

transformed. Missing diagnoses, incomplete 

medication lists, inconsistent laboratory units, 

duplicate patient records, and changes in coding 

systems can produce misleading rules. In electronic 

health records, absence of documentation does not 

always mean absence of disease, symptoms, or 

treatment. Therefore, preprocessing decisions such as 

binarization, discretization of continuous variables, 

handling of missing values, and grouping of codes into 

clinical categories should be reported clearly. 

The second challenge is rule explosion. Healthcare 

datasets may contain thousands of diagnoses, 

medications, laboratory tests, procedures, and 

demographic variables. Even modest support and 

confidence thresholds can generate thousands or 

millions of candidate rules. Clinicians cannot review 

very large rulesets. This creates a need for pruning, 

ranking, grouping, and visualization. Interestingness 

measures should be selected carefully, and rule 

filtering should incorporate clinical relevance, 

actionability, novelty, and potential harm. 
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The third challenge is spurious association. ARM 

discovers co-occurrence, not causality. A strong rule 

may arise because two conditions are common, 

because a medication is prescribed for a comorbid 

disease, because a laboratory test is routinely ordered 

for administrative reasons, or because coding practices 

differ across facilities. The diagnosis-medication 

pseudo-association problem described by Wang et al. 

(2021) is a clear example of this issue. Confounding, 

temporal ambiguity, and institutional practice patterns 

can all produce rules that appear meaningful but are 

not clinically valid. 

The fourth challenge is threshold selection. Minimum 

support, confidence, and lift thresholds strongly affect 

the rules discovered. High thresholds may miss rare 

but important clinical events, while low thresholds 

may produce too many weak rules. This is especially 

problematic in adverse drug reaction detection, rare 

disease research, and specialized oncology outcomes. 

Thresholds should be justified through sensitivity 

analysis, expert consultation, or validation against 

known standards. 

The fifth challenge is validation. Many ARM studies 

validate rules internally but do not test whether the 

rules generalize to new hospitals, new time periods, or 

different populations. Clinical adoption requires more 

than statistical association; it requires evidence that 

rules are accurate, interpretable, actionable, and safe. 

Prospective validation and clinical workflow 

evaluation remain limited in the literature. 

The sixth challenge is privacy and governance. ARM 

often requires access to detailed patient-level data. 

Multi-site ARM may be limited by legal, ethical, and 

institutional restrictions on sharing identifiable or 

sensitive data. Privacy-preserving ARM methods are 

promising, but they require technical capacity, 

governance agreements, and trust across participating 

institutions. Especially is Kenya, there exist Data 

Protection Act (DPA) that guides how personal data 

should be handles especially the sensitive patient data. 

VII. RESEARCH GAPS AND FUTURE 

DIRECTIONS 

Future studies should prioritize clinically validated 

ARM. Many studies demonstrate that rules can be 

generated, but few show that rules improve care, 

reduce harm, lower cost, or improve patient outcomes. 

Stronger research designs should include external 

validation, temporal validation, expert adjudication, 

and prospective testing in real clinical workflows. 

A second future direction is integration of ARM into 

electronic medical record systems. ARM outputs are 

most useful when they are embedded into the 

workflow at the point of care, pharmacy review, 

laboratory ordering, discharge planning, or public 

health surveillance. However, integration must avoid 

alert fatigue. ARM-based decision support should 

provide concise, high-value, explainable 

recommendations and should allow clinicians to 

review the evidence behind each rule. 

A third direction is hybrid explainable modelling. 

ARM can be combined with machine learning models 

to support feature engineering, subgroup discovery, 

associative classification, and explanation of 

predictive outputs. For example, a random forest or 

gradient boosting model may provide high predictive 

accuracy, while ARM may provide interpretable 

subgroup rules that help clinicians understand why 

certain patients are high risk. Such hybrid approaches 

are especially important in precision medicine and 

chronic disease management. 

A fourth direction is causal and temporal ARM. Many 

healthcare events occur over time, and simple co-

occurrence rules may ignore the sequence of 

symptoms, diagnoses, treatment, and outcomes. 

Temporal ARM, sequential pattern mining, and causal 

rule mining can help identify whether one event tends 

to precede another and whether an association remains 

robust after controlling for confounders. Patient 

trajectory modelling, as illustrated by causal 

irredundant ARM, is particularly promising for 

chronic disease progression and multimorbidity 

research. 

The fifth direction is privacy-preserving and federated 

ARM. As healthcare systems digitize, there is 

increasing demand for learning across institutions 

without centralizing sensitive patient data. Federated 

and privacy-preserving ARM can support 

collaborative knowledge discovery while respecting 

data protection requirements. This is especially 

relevant for national digital health ecosystems, rare 

disease research, and multi-county or multi-facility 

health analytics. 

A sixth direction is research in low- and middle-

income countries. Much of the ARM literature is based 

on high-income settings with mature electronic health 

record infrastructure. There is need for evidence from 

settings where data quality, interoperability, human 

resources, and infrastructure constraints differ. ARM 

could be valuable in HIV, tuberculosis, malaria, 
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maternal health, immunization, non-communicable 

diseases, and health commodity management if 

adapted to local data realities. 

Finally, future publications should standardize 

reporting. ARM studies should report data source, 

sample size, preprocessing steps, discretization 

methods, missing data handling, algorithm 

parameters, support and confidence thresholds, rule 

pruning methods, validation approach, clinical 

interpretation, ethical approval, and limitations. 

Standardization would improve reproducibility and 

make future systematic reviews more rigorous. 

VIII.  CONCLUSION 

Association rule mining has become a valuable 

method for healthcare knowledge discovery because it 

produces transparent and interpretable rules from 

complex clinical data. The evidence reviewed in this 

manuscript shows applications across clinical decision 

support, emergency diagnostic testing, medication-

problem association mining, diagnosis-medication 

analysis, adverse drug reaction detection, chronic 

disease risk factor discovery, lifestyle behavior 

analysis, hospital readmission, oncology recurrence 

prediction, patient trajectory modelling, negative rule 

mining, and privacy-preserving distributed analytics. 

The dominant algorithm remains Apriori, but recent 

studies increasingly use FP-Growth, weighted and 

modified ARM, class association rules, causal ARM, 

negative ARM, and privacy-preserving approaches. 

The main contribution of ARM is its ability to reveal 

hidden relationships that can be explained to clinicians 

and managers. However, ARM must be applied 

carefully. Healthcare rules are vulnerable to missing 

data, coding bias, confounding, threshold sensitivity, 

rule explosion, and lack of external validation. 

Therefore, ARM should not be treated as a standalone 

proof-generating method but as a decision-support and 

hypothesis-generating approach that requires clinical 

review and validation. Future research should focus on 

validated, explainable, privacy-preserving, and 

workflow-integrated ARM systems that can support 

safer and more efficient healthcare delivery. 
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