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Materials and Methods: This study employs retrospective method of data
collection from Sukraraj Tropical and Infectious Diseases Hospital in Teku,
Kathmandu with nine hundred and sixty nine (n=968) patient’s records, and
used data mining technique of Association Rule Mining to uncover hidden
patterns and relationships in inpatients’ records focusing on dengue, scrub
typhus and kala-azar. The association rules provided by Apriori algorithm are
validated using Chi-square test and Bootstrapping.

Results: Association mining algorithm provided nine, seven and eight
interesting association rule for scrub typhus, dengue and kala-azar respectively.
These association rule demonstrated that patients with moderate length of stay
and no comorbid conditions, specifically males with dengue and females with
scrub typhus, had high discharge rates.

Conclusion: Findings of this study demonstrates the important connection
between outcomes of patients and their demographics, however only the
association rules having higher lift are statistically validated. The approach and
findings can be used to guide strategies focused on public health, disease
control, and the allocation of health care resources.
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INTRODUCTION

countries such as Nepal. The capital, Kathmandu, has
a growing burden of infectious diseases due to rapid

Association Rule Mining (ARM) is a vital data urbanization, environmental changes, and high

mining technique for revealing unseen patterns and
correlations in large datasets. It focuses on the
discovery of associations and the frequent itemsets
which are crucial for insight-based decision making
and strategic Planning. In the field of Health
Informatics ARM has its importance in pattern
extraction from medical data during knowledge
discovery, enhancing the ability to predict diseases.[!]
ARM is vital for predicting health-related events,
revealing implicit relationships between variables
and for the analysis of complex multidimensional
problems, such as infectious diseases.

Infectious disease represents a major worldwide
public health challenge, particularly for developing

population density.”! One of the principal public
health challenges in the city is the public health threat
posed by infectious diseases, including respiratory
and gastrointestinal diseases and vector-borne
diseases such as dengue and scrub typhus.[! For
strategic public health resource allocation and
planning,  predicting the occurrence and
consequences of the diseases is pivotal. In addition,
the detailed examination of the relationships between
variables using association rule mining is a crucial
technique for guiding decision-makers in the
planning and implementation stages. However, the
use of data mining to analyze disease outcomes and
relationships for infectious diseases in Kathmandu is
sorely lacking. This study aims to fill this gap by
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using Association Rule Mining (ARM) to identify the
associative relationships between epidemiological
variables and infectious diseases in Kathmandu,
Nepal.

This study primarily seeks to assess the use of ARM
techniques to identify patterns in infectious disease
registry data and analyze the associations between
demographic and other factors concerning the
outcomes of patients hospitalized with dengue and
scrub typhus.

Potential uses of data mining for disease prognosis
have been documented in the literature. Abeysinghe
and Cui (2018), worked on Query-Constraint-
Based Mining (QARM) on clinical data and dealt
with some of the problems posed by categorical data.
They demonstrated that the incorporation of QARM
into web systems improves exploratory data analysis
by filtering out useless patterns and emphasizing
valuable pieces of information. In the same vein,
Ghorbani and Ghousia (2019),5! focused on
predictive data mining techniques in medical
diagnosis and underlined the importance of their
utilization in the Kathmandu, Nepal region where
powerful predictive tools for infectious diseases are
highly needed. This study documented the use of data
mining in the healthcare sector and the gaps that
remain and advocated for the use of advanced
analytical methods as the healthcare sector continues
to generate large volumes of data. Ostapchuk
(2019),1 introduced an interactive pattern mining
framework for electronic health records (EHR) that
exposes disease-comorbidity and disease-gene
correlations. This study brought forth the 4P
medicine model—predictive, preventive,
personalized, and participatory—and the author
hoped that the combination of innovative data mining
techniques and classical approaches to statistics
would encourage improvement in patient care,
although he acknowledged the need for more
innovative methods that would focus on real-world
problems to be solved.

Association rule mining's Apriori algorithm has been
used in a variety of fields including the forecasting
and diagnosing of heart disease,[’! brain tumor,"
dengue fever,!'”  chronic,'! and infectious
diseases,'?! and drug resistant in tuberculosis.['3! Its
use is particularly important with regards to COVID-
19,4151 paediatric primary care decision support
systems,['®) and emergency department patients'
laboratory diagnostic tests.l!” This paper employed
ARM to discover interesting association rules
involving patients' demographic data, duration of
hospital stay, and outcomes of a hospital stay. This
analysis aims to use ARM to enhance understanding
of the relationships concerning the different factors
implicated with dengue and scrub typhus. The author
not being a health professional is the reason factors
such as medical history and treatment which could
have been important were not studied.

MATERIALS AND METHODS

This retrospective study utilized the inpatient records
at Sukraraj Tropical and Infectious Disease Hospital,
Tehku, Kathmandu. Ethical approval was obtained
from the Nepal Health Research Council, and data
collection with the consent of the hospital. The
dataset included the records of 969 admissions from
the hospital, with patients being admitted from 16th
of February 2021 to the 21st of March 2024, and
having one of the following diagnoses: dengue, scrub
typhus, or kala-azar. The hospital is the only
specialized clinic for infectious diseases in
Kathmandu and receives a majority of such cases.
This is why we selected this hospital.

The data was analyzed through Association Rule
Mining (ARM) applying the Apriori algorithm in R
Studio (Windows). The objective was to determine
patterns of the factors affecting the outcomes of
patients. Each rule was assessed using support,
confidence, and lift which measured the frequency,
reliability, and association strength, respectively.
The dataset encompassed both demographic and
clinical variables: sex (male, female), age, duration of
hospital stay, presence of plural disease (yes or no),
and outcome. The age categories were child (younger
than 18), young adult (18-30), middle adult (31-50),
older adult (51-65), and elderly (over 65).1'81 The
duration of hospital stay was classified as short (4
days or fewer), moderate (5-9 days), and prolonged
(10 days or more).['”l The outcomes collected from
hospital records—discharged, referred, leave against
medical advice (LAMA), discharge on patient’s
request (DOPR), and expired—were recoded to
reflect prognosis as favorable (discharged),
indeterminate (LAMA, DOPR, referred), and
unfavorable (expired).2”

Apriori Algorithm

The approach proposed by Agrawal et al. (1993),21
begins with generating frequent itemsets one item at
a time. It then recursively generates frequent sets with
two items, then three, and so on, until generating all
sizes of frequent itemsets.[??! The strength of the rules
generated from the Apriori Algorithm are assessed
based on support, confidence, and lift ratio.??! While
discussing the strength of an association rule, the
terms antecedent and consequent came frequently.
Antecedent denotes the IF part and consequent
denotes the THEN part in the co-occurrence of
itemsets. Confidence is the ratio of the transactions
that contain all antecedent and consequent itemsets to
the transactions that contain all the antecedent
itemsets. They are referred to as the support of the
association rule. This can be displayed
mathematically as defined by Shmueli et al.
(2018),21 as follows:

Support =

Number of cases antecedent and consequent occur together

total number of transactions

= P (antecedent AND consequent) .. (i)
Also,
Confidence =
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Number of transactions with both antecedent and consequent itemsets

Number of transactions with antecedent itemsets

_ P(antecedent AND consequent)

- P(antecedent)

= P (consequent/antecedent)

Thus, confidence is the conditional probability of a
consequent given a case of an antecedent. Another
measure for the strength of an association rule is the
lift ratio, which is the expected confidence value if
the antecedent and consequent itemsets are
independent.

Lift ratio =

Where,

Benchmark confidence =
number of transactions with consequent itemset

Confidence

Benchmark confidence

number of transactions in database (V)
In this study, strength of association rule were

evaluated by comparing the value of support,
confidence, and lift. Confidence, which indicates
how frequently a rule holds, is the conditional
probability of the consequent given the antecedent.
Nevertheless, even in the case of independent
occurrences, confidence may suggest a rule is strong
if both the antecedent and consequent are frequent on
their own. In response, we calculate lift; a measure of
how much more frequent the antecedent and
consequent are together in relation to how frequently
independent (not correlated) pairs would be.
Mathematically, lift (A = B) = Confidence (A = B)
/ Support (B)=P (A AB)/[P(A) xP (B)]and a lift
greater than 1 indicates a meaningful positive
association. The higher the lift, the more substantial
and more statistically significant the relationship
between antecedent and consequent.[22]
Statistical validation of association rules
To ensure that the association rules derived through
the Apriori algorithm represented meaningful
patterns rather than spurious correlations, two
complementary validation procedures were applied:
(1) the Chi-square test of independence, and (ii) a non-
parametric bootstrap procedure.
1. Chi-square Test of Independence
For each association rule generated, a contingency
table was constructed between the antecedent (LHS)
and consequent (RHS) variables using the original
dataset. The Chi-square test of independence was
then applied to examine whether there was a
statistically significant association between the two
sets of variables.
The test statistic is defined as:
2

= v

ij
Where Ojj indicates associated frequency while Ejj
indicates expected frequency based on the null
hypothesis on independence. Association rules with
p-values from chi-square distribution lower than 0.05
are considered statistically significant. The literature
recommends the use of Chi-square as it tests the very
hypothesis of independence that must be widely

accepted in order for association rules to be
valid.?>?¥ The Chi-square test is the only one that
allows the theorist to make a statistical contrast as
opposed to the support and confidence calculation
which are purely descriptive.

2. Bootstrapping for Stability Assessment

A non-parametric  bootstrap method®!  was
conducted with 1,000 resamples. For each resample,
recurrence frequencies of rules were noted after each
execution of the Apriori algorithm. Any rules that
reappeared in > 70 % of resamples with stable support
and confidence were considered stable. 2]

The two-stage validation mentioned above
guaranteed that the final association rules were both
non-parametric  statistically  significant  and
resampling robust. This is vital considering the
imbalanced public-health data, where there are fewer
indeterminate or adverse outcomes.

RESULTS

The sample population of inpatients selected for this
study contains a diverse demographic composition
with different hospital stay durations and outcomes
after hospital stay. The Gender distribution shows
that male patients (58.1%) are somewhat higher in
proportion than female patients (41.9%) admitted to
STIDH (see Figure 1). Age distribution of sample
inpatients shows that their mean age is 37.7 years
with a standard deviation of 16.3 years. The inpatient
population ranged from 2 to 92 years of age (see
Figure 2). Whereas most of the patients (87.8%) were
discharged after certain days of hospital stay, having
recovered from the disease, but some patients had
LAMA (5.9%), and some were referred (4.5%) to
another hospital for better treatment, only a few
(0.8%) patients died (see Figure 3). These data show
a good level of treatment at the study hospital.
Duration distribution of inpatients shows a positively
skewed distribution with a mean of 4.2 days and a
standard deviation of 3.7 days, where the patients
were admitted for a minimum of one day to a
maximum of 36 days to recover from the disease (see
Figure 4). The distribution of diseases among
patients indicates a notable dominance of Dengue
cases, with 771 (85.4%) patients. This suggests that
Dengue is the most common infectious disease
among hospitalized patients during the study period.
Following Dengue, the next most frequently
observed diseases are Kala-azar and Scrub Typhus,
accounting for 3.6% and 3.2% of admissions,
respectively. A small number of patients experienced
multiple infections, including Dengue with Scrub
Typhus (2.7%) and Covid-19 with Dengue (1.0%).
Additionally, combinations such as Dengue with
Kala-azar and COVID-19 with Scrub Typhus each
represent 0.2% of total admissions (see Figure 5). The
Treemap visualization illustrates that a significant
majority of patients were from Kathmandu (52.7%),
the district where the hospital is located. The next
most common districts of origin were Lalitpur (8%),
Dhading (7.9%), Bhaktapur (5%), and Nuwakot
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(3.1%). These five districts collectively account for
over 75% of all admitted patients, reflecting the
hospital’s central role in providing healthcare
services to the Kathmandu Valley and its surrounding
districts [Figure 6].

Figure 1: Sex-wise Distribution of Patients
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Figure 3: Treatment Outcomes of Admitted Patients
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Figure 4: Hospital Stay Duration Distribution
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Figure 5: Distribution of Diagnosed Infectious Diseases
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Figure 6: Geographical Distribution of Patients by
District

ARM applied for Dengue (n=804), scrub typhus (n=65) and kala-azar (n=60) inpatient data and only the

interesting association rules are tabulated below:

Table 1: Association Rules for Scrub typhus Cases, test of association using Fisher exact and Bootstrapping (n=65)
S | Association rules Supp | Confid | Lift | P- Bootstrap
N ort ence val | Support | Confid | Percen
ue ence tage
1 {District=Dhading } — {Prognosis=Favorable} 0.246 | 1 1.08 | 0.32 | 0.2443 1+0.00 100
2 33 19 +0.0551
2 {Age group=45-59 years}— {Prognosis=Favorable} 0.2 1 1.08 | 0.57 | 0.2011£0 | 1+0.00 99.8
33 39 .0516
3 {Caste=Brahmin, Plural=Yes}— {Prognosis=Favorable} 0215 | 1 1.08 | 0.99 | 0.2136+0 | 1+0.00 100
4 33 99 .0503
4 {Sex=Female, Caste=Brahmin}— {Prognosis=Favorable} 0.184 | 1 1.08 | 0.99 | 0.1836+0 | 1+0.00 99.8
6 33 99 .0488
5 {Age group=18-35 years, Duration=Less than 5 days, | 0.107 | 1 1.08 | 0.99 | 0.1168+0 | 1+0.00 93
Plural=No}— {Prognosis=Favorable} 6 33 99 .0355
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6 {Sex=Female, Duration=Less than 5 days,
Plural=No} — {Prognosis=Favorable}

0.107 | 1 1.08 | 0.99

0.1134+0 | 1£0.00 94.4
33 99 .0367

7 {Sex=Female, Duration=5-10 days,
Caste=Brahmin}— {Prognosis=Favorable}

0.107 | 1 1.08 | 0.99

0.1144+0 | 1£0.00 91.4
33 99 .0349

8 {Duration=Less than 5 days, Caste=Brahmin,

Plural=Yes}— {Prognosis=Favorable}

0.123 | 1 1.08 | 0.99

0.1275+0 | 1+0.00 95.4
33 99 .0369

9 {Duration=Less than 5 days,
District=Dhading} — {Prognosis=Favorable}

Findings show that nine interesting association rules
for the prognosis of scrub typhus were extracted, and
all are associated with a favorable prognosis. Table 1
shows that these rules consistently show that early
discharge from the hospital, especially within the first
5 days, plays a key role in determining prognosis,
along with socio-demographic factors like age, sex,
caste, and region. The rule {District=Dhading} —
{Prognosis=Favorable} (support = 0.246,
lift=1.0833) shows that patients from Dhading have a
24.6% chance of a Favorable prognosis, with an
8.33% higher likelihood of recovery compared to
other regions. Similarly, {Age Group=45-59 years}
—  {Prognosis=Favorable}  (support = 0.2,
1ift=1.0833) suggests that individuals in this age
group are 8.33% more likely to recover favorably
compared to others. Other notable rules include

0.138 | 1 1.08 | 0.99 | 0.14+0.0 1+0.00 98
33 99 43
{Caste=Brahmin, Plural=Yes} —
{Prognosis=Favorable} (support = 0.215,

1ift=1.0833), where Brahmin patients with multiple
symptoms consistently show a positive outcome, and
{Sex=Female, Caste=Brahmin} —
{Prognosis=Favorable} (support = 0.185,
lift=1.0833), indicating gender and caste may
influence prognosis, possibly due to socio-economic
factors. Rules involving young adults, such as {Age
Group=18-35 years, Duration=Less than 5 days,
Plural=No} — {Prognosis=Favorable} (support =
0.107, 1ift=1.0833), emphasize the critical role of
early detection in younger populations. Notably, all
rules were validated by bootstrapping with high
support and confidence (percentage of rules
repetition is above 70%) (see Table 1).

Table 2: Association Rules for Dengue Cases, test of association using Chi-square and Bootstrapping (n=804)

S | Association rules Suppo | Confiden | Lift |P- Bootstrap
N rt ce valu |Support |Confidenc |Percenta
€ e ge
1 | {Age group=45-59}— {Prognosis=Favorable} 0.1778 09167 1.056 | 0.046 | 0.1774+0.01 { 0.9153+0.0 | 100
9 1 35 219
2 | {Age group=45-59,0.1045 |0.9545 1.099 {0.011 | 0.1038+0.01 | 0.9533+£0.0 | 100
Plural=No} — {Prognosis=Favorable} 5 1 04 23
3 | {Sex=Female, Caste=Janajati, | 0.102 | 0.9213 1.061 {0.115]0.1021(0.01 {0.9211+0.0 | 100
Plural=No} — {Prognosis=Favorable} 3 8 16) 277
4 | {Sex=Male, Duration=5-10| 0.1443 | 0.9206 1.060 | 0.058 | 0.1434+0.01 | 0.9206+0.0 | 100
days}— {Prognosis=Favorable} 4 0 24 243
5 | {Sex=Male, Caste=Brahmin}— {Prognosis=Favorable} |0.153 |0.9461 1.089 | 0.004 | 0.1529+0.01 { 0.9463+0.0 | 100
8 1 31 201
6 | {Duration=5-10 days}— {Prognosis=Favorable} 0.2363 |0.909 1.04710.042 | 0.2357+0.01 | 0.9083+0.0 | 100
1 0 54 199
7 | {Duration=5-10 days, | 0.1119 |0.9278 1.068 [ 0.063 | 0.1117+0.01 | 0.9258+0.0 | 100
Plural=Yes}— {Prognosis=Favorable} 7 4 12 282

Seven rules associated with prognosis for dengue
were identified, interestingly all are associated with a
favorable outcome. Unlike Scrub typhus, some of
these rules were found to be statistically significant
(P-value<0.05). Findings show that the association
rule {Age Group=45-59} — {Prognosis=Favorable}
(support = 0.1778, 1ift=1.0995) shows that 17.78% of
patients in this age group experience a Favorable
prognosis, with an 9.95% higher chance of recovery
compared to other age groups. The other rule
{Sex=Female, Caste=Janajati, Plural=No} —
{Prognosis=Favorable} (support = 0.102,

lift=1.0613) suggest that gender, caste, and symptom
severity play a role in recovery, with female Janajati
(ethnic) patients with fewer symptoms showing a
6.13% higher chance of a favorable outcome.
Additionally, {Sex=Male, Duration=5-10 days} —
{Prognosis=Favorable}  (support =  0.1443,
lift=1.0604) indicates that males with this illness
duration consistently recover favorably in moderate
duration of hospital stay. These findings point to
early intervention, gender, and socio-cultural factors
as crucial factors in optimizing treatment strategies
for Dengue patients.

Table 3: Association Rules for Kala-azar, test of association using Fisher exact and Bootstrapping (n=60)

S | Association rules Sup Confid | Lift | P- Bootstrap
N port | ence val | Support | Confide | Percen
ue nce tage
1 {Duration=Less than 5 days, 1 1.0 | 05 0.2965+ 1+0.00 100
Caste=Janajati} — {Prognosis=Favorable} 526 | 471 | 0.061
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2 {Age group=18-35 years, Duration=Less than 5
days}— {Prognosis=Favorable}

0.266 | 1 1.0 0.2

. 0.2612+0 | 1+0.00 100
526 | 667 | .0553

3 {Age group=18-35 years, Duration=Less than 5 days,
Plural=No}— {Prognosis=Favorable}

0.266 | 1 1.0 0.2

0.2612+0 | 1+0.00 100
526 | 667 | .0553

Caste=Janajati } — {Prognosis=Favorable}

4 {District=Kathmandu} — {Prognosis=Favorable} 1 1.0 0.2 0.2312+0 | 1+0.00 100
526 | 333 | .0524
5 {Age group=18-35 years, Sex=Male, Duration=Less than 1 1.0 0.2 0.2306+0 | 1+0 100
5 days}— {Prognosis=Favorable} 526 | 333 | .0534
6 {Sex=Male, Duration=Less than 5 days, 1 1.0 0.2 0.4669+0 | 0.9326+0 | 99.6

526 | 333 | .067 .0436

— {Prognosis=Favorable}

7 {Sex=Female}— {Prognosis=Favorable} 1 1.0 0.1 0.1801+0 | 1+0.00 100
526 | 833 | .0497
8 {Duration=Less than 5 days, Caste=Janajati, Plural=No} 1 1.0 0.9 0.2134+0 | 1+0.00 99.8

526 | 999 | .0548

Findings show that eight rules associate with
favorable prognosis for Kala-azar patients (Table 3).
All rules showed a Confidence of 1.00 and a Lift of
1.0526, suggesting factors leading to the outcome
always results in the prognosis of patients and 5.26%
increased chance of favorable prognosis for the
antecedent  groups  respectively.  The rule
{Duration=Less than 5 days, Caste=Janajati} —
{Prognosis=Favorable} (support = 0.3, lift=1.0526)
shows that 30% of Janajati patients diagnosed early
have a favorable prognosis, with an 5.26% higher
likelihood of recovery compared to others. Similarly,
{Age Group=18-35, Sex=Male, Duration=Less than
5 days} — {Prognosis=Favorable} (support =
0.2333, 1ift=1.0526) highlights the importance of
early diagnosis in young males.
{District=Kathmandu} — {Prognosis=Favorable}
(support = 0.2333, 1ift=1.0526) suggests that patients
from Kathmandu have a 5.26% higher chance of
favorable recovery, potentially due to Dbetter
healthcare access. However, none of the association
rules for Kala-azar were found statistically
significant (P-value > 0.05), though bootstrapping
validation showed high support and confidence
values, confirming the robustness of the findings
(percentage of repetition of rule>70%).

DISCUSSION

The results from this study demonstrate notably
lower lift values than previously published research
on infectious diseases such as dengue and scrub
typhus that employed similar registry data. For
instance, Chinedozie (2023),') and Rai et al
(2023),1141 reported lift values for tuberculosis and
COVID-19 prediction which were above 1.1 and 1.5,
respectively, despite both studies using datasets of
comparable sizes. Nevertheless, the results of this
study are consistent with the support and confidence
metrics reported by Jahangir et al (2018),1!"]
suggesting that the results from the association rule
mining are stable. One key similarity for all the
diseases studied—scrub typhus, dengue, and kala-
azar— is the vital need for early diagnosis and
intervention, particularly within the first five days of
the 1illness, which corroborates the clinical
understanding of acute febrile diseases. The
confidence of 1.00 in the rules for scrub typhus and
kala-azar further validates the importance of timely

intervention for favorable outcomes. These findings
underscore the urgent need for improved data
collection systems, particularly through digitization,
to consolidate public health initiatives for early
detection and treatment of diseases.

According to our analysis, patients residing in
Dhading district had a probability of 24.6% of
obtaining a favorable prognosis. Furthermore, they
had 8.33% higher odds of recovering compared to
patients from other locations. The same age group of
45-59 years had an 8.33% higher probability of
favorable recovery.  Other positive prognostic
indicators included being female, Brahmin, and
having multiple symptoms, which all correspond to
findings predicted by Karki et al (2020),1*” regarding
scrub typhus prognosis, which underscored the
importance of early diagnosis along with certain
socio-demographic variables.

Considering dengue cases, patients in the 45-59 age
group had a 17.78% probability of a favorable
prognosis, with a 5.69% increased probability
compared to other age brackets. Additionally,
females of the Janajati caste with milder symptoms
and fewer overall symptoms had a 6.13% increased
recovery probability. Additionally, males who had
the disease for 5-10 days also demonstrated improved
outcomes. These findings correlate with Prattay et al
(2022),281 which portrays age, gender, and symptom
severity as primary prognostic factors in dengue.

For kala-azar, the most positive prognoses were seen
in patients diagnosed in the first five days of the
illness, especially those between the ages of 18 and
35. Prognoses were also better in males, patients from
Kathmandu, and those from the Janajati caste. Some
of the association rules related to kala-azar were not
statistically significant, likely due to a small sample
and the need to explore the issue more deeply.?’!
Among the three illnesses, early diagnosis was the
most critical factor. Differences in the socio-
demographic factors of age, sex, and caste also
influenced the outcomes and these factors
interrelated differently between the illnesses.
Significant associations were found in both scrub
typhus and dengue, while sample size issues likely
explain the lack of significant associations in kala-
azar. Although there are considerably more dengue
cases in the sample, association rule mining is most
effective with frequently occurring cases. Some
important association rules, which are rare, might not
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be calculated due to the sample size, but the need for
early treatment and individualized approaches to
these conditions is clear and critical.

CONCLUSION

Association Rule Mining (ARM) was applied to
determine the prognostic patterns of dengue and
scrub typhus cases in Kathmandu, Nepal. This
research underlines the vital importance of early
diagnosis and early treatment in relation to prognosis
of scrub typhus, dengue and kala-azar. The results of
the study noted the importance of early intervention
within five days of the illness. The study further
pointed out the impact of socio-demographic factors,
namely age, sex and caste, although the impact was
relative. The lower lift values, while disappointing,
were outweighed by the support and confidence
metrics remaining consistent. The findings of this
study indicate that although not all association rules
with high lift values are statistically significant, their
consistent confidence and support levels suggest the
reliability and validity of these rules across resampled
datasets. More effort is needed to broaden the scope
of the analysis, on collection of new data by methods
like digitization of the records and strengthening the
data collection to broad prospective study. The
results of the analysis will assist in targeting early
treatment and tailoring intervention strategies to
improve the outcomes, for these the study presents
new perspectives to practitioners. Although limited
by the size of the data, the study demonstrates the
prognostic value of ARM in the study of infectious
diseases. The limited dataset, nevertheless, is the
factor that is limits the scope of findings.
Furthermore, expanded electronic health databases
would enhance future predictive modeling and
improve  evidence-based  clinical  practice,
underscoring the need for digitization of hospital
records in Nepal.
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