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ABSTRACT

Objective: The present study aims to predict predictive accuracy of dataset through machine learning (ML) algorithms to know the awareness
among patients towards acceptance of telemedicine during the post-pandemic scenario. Methods: A cross-sectional hospital-based questionnaire
survey was conducted randomly among 150 patients who received medicines through phone calls or internet calls in a tertiary care hospital and
were treated as outpatients. Among 150 parents, there are two categories in which one-time users (group A, n=75) and many times users (group B,
n = 75) receive telemedicine. The knowledge about telemedicine was assessed by prefixed questionnaires. The datasets as per responses on
telemedicine were studied through ML algorithms especially tree algorithms and determined the sensitivity, specificity, and accuracy on awareness
performance.Results: The present results indicated that the correctly classified models, receiver operating characteristic (ROC) curve, Matthew's
correlation coefficient (MCC) curve and Precision-recall curve (PRC) observed highest values in RF followed by J48 and LMT as per 10-folds
cross validation test. Regarding sensitivity, specificity and accuracy, higher value was obtained for J48 (80.25%, 73.91% and 77.33%) followed by
RF (77.01%, 74.60% and 76.00%), DST (72.38%, 84.44% and 76.00%), LMT (72.55%, 81.25% and 75.33%), REPT (73.40%, 75.00% and
74.00%) and lower value was obtained for RT (72.53%, 71.19% and 74.00%).Conclusion: The prediction accuracy on awareness regarding
telemedicine was observed moderate as per data mining based on ML Tree algorithms. The present study may be informative related to these
algorithm's prediction accuracy in the dataset.
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INTRODUCTION

Fromnovel coronavirus disease or nCOVID-19 pandemic, still there is
a practice of telemedicine in different tertiary care hospitals."* World
Health Organization (WHO) defined the telemedicine as the provision
of healthcare services via all healthcare providers using information
and communication technologies to exchange accurate data for illness
and injury diagnosis, treatment, and prevention, research and
evaluation, as well as for the ongoing education of healthcare
providers, with a focus on the benefits of advancing the health of
individuals and their communities.’

As a result of the COVID-19 pandemic making remote service
delivery necessary, studies on the location of telemedicine in different
geographic areas followed in 2020." One of the most important aspects
of the public health response was determined to be the creation of a
more effective and integrated system for global public health
readiness, facilitating cooperation and resource sharing.’

Thus, telemedicine might be useful for improving the delivery of
health-care services using information and communication
technologies for the exchange of valid information for diagnosis,
treatment and prevention of disease and injuries, etc.' Moreover, it
might also help in supporting training before referral to the hospitals
when needed and reducing unnecessary hospital visits. In modern
telemedicine, additional technological breakthroughs that enable the
transfer of images make it easier to share medical information like X-
rays, scans, and real-time audio and video consultations.”

Although there had been few some studies which tried to determine
doctor's knowledge and expertise about telemedicine consultations,"*’
some studies have been conducted in India and abroad to establish the
awareness among patients about telemedicine'™'"*" where the patients
receive as a tool of medical advice during post-pandemic period. So,
this study is an incredibly unique study conducted to determine
awareness of telemedicine for patient's perspective in a developing
country, which is lacking.

In recent decades, big data mining by using machine learning (ML)
algorithm models is demanding research in which performance
accuracy can easily be recognized."'” Many studies on big data mining
by using ML algorithms related to biomedical and biological science,
have been well recognized,” and few studies conducted the

prediction of performance accuracy of telemedicine dataset™ but on

the awareness on telemedicine among patients' is a first-time study in
eastern part of India in which easy predictive ML methods especially
Tree algorithms were studied from the survey dataset.

Material and methods

Study design

A cross-sectional hospital-based survey was conducted from January
2025 to May 2025 on 150 patients received telemedicine of a tertiary
care hospital post-pandemic phase. The survey identified their
awareness towards acceptance of telemedicine. who received
medicines through phone calls or internet calls in a tertiary care
hospital who were treated as outpatients. Among 150 parents, there are
two categories in which one-time users (group A, n = 75) and many
times users (group B, n = 75) receive telemedicine. The awareness
regarding telemedicine was assessed by prefixed questionnaires. The
datasets as per responses on telemedicine were studied through ML
algorithms especially Tree algorithms and determined the sensitivity,
specificity, and accuracy on awareness performance.

Each group had been given a different set of questionnaires prepared in
local languages and English, which determined their demographic
features and socioeconomic status as well as their awareness towards
telemedicine consultation.

Tool and Dataset selection

The data mining through ML modelling algorithm was executed by
using WEKA (Waikato Environment for Knowledge Analysis) tool
(version, 3.8.5) developed by Frank et al. * In the WEKA tool, we
explored the data for pre-processing followed by classifying 4 inbuilt
ML Tree algorithms to obtain different statistical results. The various
attributes such as patient types (Group A and Group B), age, gender
(males and females), educational level (P, HS, G, I, Pr), residence
(urban or rural), Mother tongue (Bengali, Others), socioeconomic
status (U, UM, UL, L, LM), telemedicine term (Yes or No), medicine
received through (phone calls or internet calls), hospital vist
difficulties (Yes or No), telemedicine comfortable (Yes or No),
beneficial towards chamber consultation (Yes or No), can_save
hospital visit cost (Yes or No),can_save hospital visit time (Yes or
No), and class (good and bad) in the dataset were selected.

Data mining approach through machine learning Tree algorithms

I International Journal of Scientific Research |—| 77 |



Volume - 15 | Issue - 04 | April - 2026

PRINT ISSN No. 2277 - 8179 | DOI : 10.36106/ijsr

The predictive accuracy of data for two categories (Group A and Group
B) of patients were predicted through ML modelling especially Tree
algorithms as per different classifiers viz. Pruned and unpruned
decision tree C4 (J48), Random Forest (RF), Random tree (RT), and
Class implementing minimal cost-complexity pruning (REPT) were
predicted from dataset to know the overall awareness performance
accuracy.

Prediction of awareness accuracy

The performance of model accuracy of above-mentioned ML Tree
algorithm classifications as per correctly and incorrectly classified
instances, Kappa (K) statistics, mean absolute error (MAE) and root
mean squared error (RMSE) were studied for 10 folds cross
validation.” As per Bouckaert et al.,” the modelling summary of
results such as precision value, recall value, F-measure value,
Matthew's correlation coefficient (MCC), receiver operating
characteristic (ROC) curve and precision-recall curve (PRC),
respectively as per class of good and bad response were retrieved from
the studied tool.

RESULTS

The present study evaluated awareness on telemedicine among 150
patients (Group-A and Group-B) 75 numbers in each group through
data mining approach. Fig 1 exhibits the graphical representation of
above-mentioned fourteen attributes of patients' awareness on
telemedicine. The value of sum of weight is 150 for all nominal and
numeric attributes.
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Fig. 1. Pre-processing analysis graphs of all attributes

In the case of age of patients, the mean + SD value was obtained 35.31
+5.65 with minimum and maximum values of 25-49 years in which the
higher 44 instances with a range of 33.00-37.00 years, followed by 36
instances of 37.00-41.00 years, 31 instance of 29.00-33.00 years, 23
instances of 25-29 years and 10 instances 45-49 years while lower
value (41-45 years) of 6 instances, respectively were recorded as
numeric data. In the case of gender, 119 males and 31 females,
education level (Graduate 69, higher secondary 45, primary 21,
professional 12 and illiterate 3 nos.), residence (urban 84 and rural 66
nos.), mother tongue (Bengali 141 and Hindi 9 nos.), socioeconomic
status (upper middle 53, upper lower 39, upper 32, lower middle 23 and
lower 3 nos.) as nominal data recorded. Regarding the telemedicine
term, maximum 130 cases known while 20 nos. did not hear.
Maximum cases of about 89 nos. were used internet calling while 61
nos. were used phone calling. For hospital visit difficulties, maximum
numbers (105) reported difficulties while minimum numbers (45) did
not tell difficulties. Maximum cases (105) reported telemedicine
comfortable while minimum cases (45) reported non-comfortable.
Maximum cases (105) reported beneficial towards chamber
consultation while minimum cases (54) reported none. Maximum
cases (105) reported to save hospital visit costs while minimum cases
(45) reported none. As per the responses of the patients, the data was
classified as good (83) and bad (67), respectively.

Table 1 describes the summary results of studied 6 ML algorithms
especially Tree models such as Decision Stum Tree (DST), Pruned and
Unpruned Decision Tree C4 (J48), Logistic Model Tree (LMT),
Random Forest (RF), Random Tree (RT), and Class implementing
minimal cost-complexity pruning (REPT) related to 14 attributes to
predict the overall awareness prediction accuracy. Overall prediction
of algorithms classification, the correctly classified models were
observed the highest values in J48 (77.33), followed by DST and RF
(76.00), LMT (75.33), REPT (74.00), while the lowest value in RT
(72.00), respectively as per 10-folds cross validation test (Table 1). The
statistical values for Kappa statistic (KS), mean absolute error (MAE)
and root mean squared error (RMSE) of studied models, better
predicted J48 followed by followed by DST and RF, LMT, REPT and
RT (Table 1).

Table 1: Results on different classified instances and statistical values
for different Tree algorithms

Sl [Classifier |[CCI (%) |ICI (%) |KS MAE RMSE
No. |algorithms

1. |DST 76.00 24.00 [0.50 0.36 0.43
2. |J48 77.33 22.67 [0.54 0.26 0.39
3. |LMT 75.33 24.67 [0.49 0.32 0.41

4. |RF 76.00 24.00 [0.51 0.27 0.41

5. |RT 72.00 28.00 [0.43 0.26 0.46
6. |REPT 74.00 26.00 [0.46 0.31 0.42

CCI = Correctly classified instances; ICI = Incorrectly classified
instances; DST = Decision Stum Tree; J48 = Pruned and Unpruned
Decision Tree C4; LMT = Logistic Model Tree; RF = Random Forest;
RT = Random Tree; REPT = Class Implementing Minimal Cost-
Complexity Pruning; KS = Kappa Statistics; MAE = Mean Absolute
Error; RMSE =Root Mean Squared Error

In the case of predictive statistical analysis data for 6 ML Tree
algorithms based on good and bad class, the F-score values higher for
DST (81.0% and 68.0%), followed by LMT (80.0% and 68.0%), J48
(79.3% and 75.0%), RF (78.0% and 72.3%), REPT (78.0% and 68.3%)
and lower for RT (76.0% and 67.0%), respectively predicted. For
MMC based on good and bad class, higher value for J48 (54.3%)
followed by DST (52.4%), RF (51.2%), RF (51.2%), LMT (50.5%),
REPT (47.1%) and lower for RT (43.0%), respectively predicted. For
ROC based on good and bad class, higher value for RF (85.0%)
followed by J48 (83.1%), LMT (82.5%), REPT (79.8%), RT (79.0%)
and lower for DST (68.9%), respectively predicted. For ROC (area
under curve) based good and bad class, higher value for RF (90.0% and
79.0%) followed by J48 (87.9% and 70.1%), LMT (86.0% and 75.0%),
REPT (82.6% and 70.5%), RT (78.3% and 69.3%) and lower for DST
(67.0% and 64.0%), respectively predicted. The ROC curves are
exhibited for each algorithm viz. RF (Fig 2), J48 (Fig 3), LMT (Fig 4),
REPT (Fig 5), RT (Fig 6) and DST (Fig 7).

Table 2: Summary of statistical values for prediction accuracy of
studied algorithms

SI.  [Classifier [Class |[F-MeasurelMCC [ROC area|PRC area
No. |algorithms
1. |DST Good |0.809 0.524 10.689 0.668
Bad |0.679 0.524 10.689 0.637
2. |J48 Good |0.793 0.543 ]0.831 0.879
Bad ]0.750 0.543 ]0.831 0.701
3. |[LMT Good |0.800 0.505 ]0.825 0.857
Bad ]0.678 0.505 ]0.825 0.750
4. [RF Good |0.788 0.512 10.850 0.900
Bad ]0.723 0.512 0.850 0.789
5. |RT Good |0.759 0.430 |0.790 0.783
Bad |0.667 0.430 0.790 0.693
6. |REPT Good |0.780 0.471 10.798 0.826
Bad ]0.683 0.471 10.798 0.705

DST = Decision Stum Tree; J48 = Pruned and Unpruned Decision Tree
C4; LMT = Logistic Model Tree; RF = Random Forest; RT = Random
Tree; REPT = Class Implementing Minimal Cost-Complexity
Pruning; MCC = Matthew's correlation coefficient; ROC = Receiver
operating characteristic; PRC = Precision-recall curve

Fig 2: ROC for RF algorithm
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Fig4: ROC for LMT algorithm

Fig5: ROC for REPT algorithm

Fig 6: ROC for RT algorithm

Fig 7: ROC for DST algorithm

Table 3 describes the sensitivity, specificity, and predictive accuracy
for the suitable Tree algorithms in which the higher value was obtained
for J48 (80.25%, 73.91% and 77.33%) followed by RF (77.01%,
74.60% and 76.00%), DST (72.38%, 84.44% and 76.00%), LMT
(72.55%, 81.25% and 75.33%), REPT (73.40%, 75.00% and 74.00%)
and lower value was obtained for RT (72.53%, 71.19% and 74.00%),
respectively.

Table 3: Overall sensitivity, specificity, and predictive accuracy values
ofbestalgorithms

SI. No. |Classifier Sensitivity (%) |Specificity | Accuracy (%)
algorithms (%)

1. DST 72.38 84.44 76.00

2. J48 80.25 73.91 77.33

3. LMT 72.55 81.25 75.33

4. RF 77.01 74.60 76.00

5. RT 72.53 71.19 72.00

6. REPT 73.40 75.00 74.00
DISCUSSION

It is well-known fact that telemedicine consultation service is
primarily based on patients' awareness and doctors' knowledge and

proficiency.”*"**"* Furthermore, it is securely required to know the
patients' awareness followed by satisfaction regarding recovery of
disease'()ﬂ,lﬂ,l}llm

In recent periods, many researchers are emphasizing big data mining
by using ML algorithms in which the prediction accuracy can easily be
accomplished in medical sciences'™'**** but the performance accuracy
of telemedicine dataset on the awareness of patients' is the first-time
approach in eastern part of India in which easy predictive accuracy is
achieved by using ML Tree algorithms from the survey dataset.

Although the present study was performed with the small sets of data
as per first-time users compared to many-times users of telemedicine,
in which present dataset predicted moderate awareness based on Tree
algorithms as per the sensitivity, specificity and accuracy of these

algorithms viz. higher value was obtained for J48 (80.25%, 73.91%
and 77.33%) followed by RF (77.01%, 74.60% and 76.00%), DST
(72.38%, 84.44% and 76.00%), LMT (72.55%, 81.25% and 75.33%),
REPT (73.40%, 75.00% and 74.00%) and lower value was obtained
for RT (72.53%, 71.19% and 74.00%) by using WEKA tool. The ML
algorithms for classification are usually estimated through common
methods, which are similar to previous studies in the field of medical
sciences.™'**

Interestingly, WEKA tool supports several types of datasets for
establishing big data mining through ML algorithms especially on
disease diagnosis and prevention.'*'***** The present algorithms can be
suitable to determine easily the prediction accuracy on moderate
awareness among patients which may be due to the many-times user
till date through the higher education, better socio-economic status,
ability to perform internet or virtual calls compared to first-time users.

CONCLUSION

In the present predictive findings, it was known that awareness
prediction accuracy is moderate performance regarding telemedicine
between the groups of Group-A and Group-B during the post-
pandemic of n-COVID-19 as per ML Tree algorithms by using WEKA
tool. Out of 6 algorithms, best performance was obtained in three
models viz. J48, DST and RF. The present predictive study could be
informative based on these Tree algorithms, which recognized
moderate accuracy. It is suggested with more sample size, which may
be observed better performance with these and other algorithms to
confirm better awareness among patients on telemedicine.
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