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Abstract: Online healthcare consultation is one of the advents in information and communication technologies (ICTs). Through this, the 

patient can interact with doctors and attain medical care, including information on community forums, consultations, health records, etc. 

Over the past few years, patients' popularity for online consultation has increased because of reduced effort. Online medical consultation 

provides various benefits to patients as compared with face-to-face consultation. Especially, it mitigates several problems hospitals face, 

such as geographical inconvenience, reduced capacity and long queues. Thus, online medical appointments and consultations highly assist 

the patient's self-health management. However, the patient no-shows in online appointments can directly influence the services of the 

healthcare sector. Different related works performed by various authors are summarised in the literature review by referring to several 

research papers related to the no-show prediction, risk categorisation and online consultation methodologies. A detailed description of 

different works is provided based on the enhancement of the balancing process to maximise the data handling efficiency and accuracy and 

to minimise the error rates, model complexities and training time. Also, diverse optimisation strategies are reviewed to enhance the feature 

selection process with better convergence and prominent feature consideration. By conducting the literature survey, the significance of 

techniques, the performance obtained, and the drawbacks can be analysed. Through this survey, novel methodologies can be proposed to 

consider the existing drawbacks to overcome with future directions.  

This systematic literature review seeks to improve the thoroughness and transparency of the review process by following a method aligned 

with the guidelines outlined in the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) statement. In 

accordance with the PRISMA guidelines, this review provides a comprehensive analysis of the existing literature on the behaviour of 

patients No-Show in Online Medical Consultation Systems. The methodology for the review incorporates a systematic search strategy, 

stringent selection criteria, meticulous data extraction, and a critical analysis of the findings. The results highlight key trends, themes, and 

gaps in the literature, while the discussion provides insights, implications, and future research directions. In summary, employing PRISMA 

in this comprehensive systematic literature review enhances the validity and reliability of the findings, thereby contributing to the 

progression of knowledge in the domain of patient No-Show behaviour within Online Medical Consultation Systems. With the rising 

growth of information and communication technologies, an online appointment system is enhanced in several hospitals over the globe. 

However, an online outpatient appointment system faces various challenges like health, financial, scheduling, and time management 

problems due to a rising incidence of patient no-shows, referring to patients who do not attend their scheduled appointments. Thus, to assist 

the hospitals in generating proper decisions and minimise the rate of patient no-show behaviour. The performance metrics are highly 

utilised to prove the superiority of the machine learning models to predict no-show behaviour in online medical consultation systems. 

Keywords: Online Medical Consultation (OMC), Patient no-shows, Machine Learning Algorithms, Digital Technology, 

COVID-19, Behaviour of Patients 

1. Introduction 

The medical industry gains societal consideration at national 

and international stages to a greater extent [1]. As there are 

spontaneous enhancements in living policies, attention 

towards health consciousness, the ageing population, longer 

life expectancy and urbanisation have increased the medical 

treatment demands. The demand is not restricted to 

treatments alone; prevention also becomes the trend. People 

worldwide need reliable and professional guidance every 

time [2], [3]. Considering the emerging demand for 

professional consultation, the present resource allocation for 

medical and health care is insufficient. The medical service 

imbalance is noticed, and effective allocation of medical 

services is the primary requirement [4]. To correct the 

medical resource service imbalance, the internet possesses 

the benefits of space constraints and breaching time through 

the development of online medical consultation (OMC) 

platforms.  

The OMC proposed a novel option amongst the people to 

conduct consultations and health management that has been 

extensively adopted in recent years [5], [6]. This facility can 

maintain patient demand satisfaction and hospital service 

capacity, enhancing the socio-economic hospital benefits. 

Through broadband and video conferencing technologies, 

several people preferred online web portals to obtain an 
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online consultation [7]. By utilising these technological 

innovations, various benefits can be achieved through 

online meetings in the case of both doctor and patient. The 

patients can assign or pick a specified general duty doctor 

or specialist who can be accessible over the web.   

With the emergence of physician review websites and 

online health services, the patients can exchange opinions 

regarding the doctor's communication, service outlooks, 

complexities and extra factors of medical service procedures 

[8]. Through online medical consultation, the patients can 

generate decisions and select a suitable doctor based on the 

personal information from the doctor's posts, serviceability 

and through doctor review examination [9]. The physician 

reviews, including doctors' service attitude and response 

speed, are available on OMC platforms with considerable 

information. Hospitals are giving considerable attention to 

streamlining their operations and delivering effective 

medical services to patients in remote areas. This involves 

enhancing treatment services, improving the identification 

of outpatient appointments, and implementing an online 

appointment system based on the Internet. The increasing 

popularity of online appointment scheduling in outpatient 

clinics has led to the emergence of intricate challenges 

associated with patient no-show behaviour in online 

appointment systems [10]. The failure to attend the primary 

care appointment tends to disrupt the significant primary 

care purpose, indicating the continuous quality of care over 

time. The missed appointments are the key source of 

medical system inefficiency that may lead to deprived 

chronic disease control. The peculiar issue among the 

primary care settings is no-shows in underserved 

populations. A patient no-show indicates when the patient 

does not attend the consultation over the specified 

appointment period or neglects the appointment presently 

earlier than the particular time of doctor consultation. 

Because of this, the appointment time is not occupied, which 

in turn affects the opportunity of other patients who are in 

an emergency state, and tends to the sub-optimal allocation 

of medical resources.  

Also, the no-show behaviour influenced the hospital 

revenue and expected performance of outpatient service, 

maximising the doctor's burden and working times of 

outpatient doctors. Simultaneously, the no-show behaviour 

of patients does not negatively influence the hospital 

organisation but also affects the healthcare scheme's 

financial presentation and resource usage. Understanding 

the factor complexity that supports over-patient prediction 

and non-attendance attitudes can promote personalised 

intervention to maximise patient engagement and efficiently 

utilise healthcare resources. Some of the existing research 

works mainly concentrate on determining connected factors 

over particular patient groups, including diabetes and 

cardiovascular diseases [11]. The non-attendance patterns 

for general practices are investigated by incorporating more 

comprehensive variables, including patient demographic, 

socioeconomic and practice factors.  

Particularly after the outbreak of the COVID-19 pandemic, 

Telehealth utilisation has considerably emerged at 38× 

higher compared to the before-pandemic criterion as of July 

2021. According to the poll conducted in the US on January 

2022, 38% of patients utilise Telehealth services, which is 

extensively higher than before the pandemic. Patient no-

shows are one of the major problems experienced by 

hospitals and clinics all over the globe. The rising popularity 

of patient no-shows for examinations and medical 

consultations is a major problem faced by the healthcare 

industry [12]. The no-shows are increased for various 

reasons like time conflicts, scheduling issues, hardware & 

software problems, secure internet connection problems, 

and forgetfulness factors. Also, the patient's attendance is 

affected by the severity of the illness, presenting complaints, 

comorbidities and illness history. The growing amount of 

appointment no-shows generates medical resource wastage, 

minimises the opportunity of other patients to attain the 

required healthcare and minimises patients' health 

conditions. Additionally, the no-shows affect the regular 

order of patient service and negatively impact the particular 

hospital management. To tackle this issue, several existing 

studies established different algorithms.  

The reasons and rates for patient no-shows may vary by 

healthcare providers, hospitals and departments [13]. For 

instance, patients with specific hospitals rely mainly on 

information and communications technology to make 

medical appointments. But, they spoiled because of the 

environmental changes in weather [14]. The existing 

methods focused on minimising the number of open 

appointments via overbooking, utility incentives and 

disincentives to maintain the behaviour of patients; 

penalisation is introduced to fine the patients who don't 

attend their scheduled appointments. Moreover, the 

interventions are utilised to minimise the rate of no-shows 

with texts in short message service (SMS), phone calls and 

emails [15]. Because of the great advent of electronic health 

record technology, both predictive analytics and data 

mining can be used to obtain an optimal procedure for 

medical care decision-making.  

These machine learning techniques can also predict patient 

no-shows effectively and support the healthcare industry by 

enhancing their service. To ensure accurate predictions, 

prediction algorithms require information such as patient 

age, ID, clinic neighbourhood, gender, previous medical 

conditions, health insurance status, and a flag indicating 

whether the patient received a reminder or not [16], [17]. 

Nowadays, advanced interventions like reminder messages 

and phone calls have been utilised to reduce the no-shows 

in the health sector. Nevertheless, such interventions are not 
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always helpful to medical care industries in growing 

countries.  

However, various uncertainties influence the online 

appointment system, leading to reduced patient satisfaction 

and inappropriate resource utilisation. Thus, to handle this, 

several researchers preferred machine learning algorithms 

and gained higher prediction performance because of their 

increased efficiency. The current studies employ various 

machine learning algorithms, including the Decision Tree 

(DT) classifier, K-Nearest Neighbor (KNN), Random 

Forest (RF) classifier, Logistic Regression (LR), AdaBoost 

(AB), and Support Vector Machine (SVM). The prediction 

performance improves using machine-learning algorithms; 

therefore, the suggested research endeavours to formulate 

distinct machine-learning methodologies for forecasting 

patient no-shows in an online appointment system. 

The introduction section provides an overview of the 

research topic and its significance. It highlights the gaps in 

the existing literature and the need for a systematic review. 

The research objectives and research questions are clearly 

stated to guide the review process. 

2. Materials and Methods 

This section describes the comprehensive search strategy 

employed to identify relevant studies. It includes the 

databases, keywords, and inclusion/exclusion criteria used. 

Any limitations or challenges encountered during the search 

process are also addressed. The performance of the 

prediction model is measured by evaluating several 

performance metrics, and the effectiveness is proved by 

comparing the results with other existing techniques.  

The no-show appointments indicate the non-availability of 

patients for treatment or the cancellation of the 

appointments on the same day. Because of this, revenue 

opportunities are missed in the healthcare system, and 

patient-staff satisfaction is highly decreased. Also, the 

causal behaviour of missing medical appointments specified 

over patient appointment scheduling may increase the health 

severity among patients.  

Selection criteria outline the specific criteria used to select 

studies for inclusion in the review. Factors like study design, 

publication date, and relevance to the research topic may be 

taken into account when establishing inclusion criteria. A 

detailed explanation is provided for the study selection 

process, encompassing screening and eligibility assessment. 

All the questions are described below: 

ID Research Question 

Q1 

Comparison of machine learning algorithms which 

is used for predicting patient's No-Show behaviour 

and which algorithms have the best result? 

Q2 

How much do machine learning-based solutions 

contribute to reducing the no-show rate in online 

medical appointments? 

Q3 

Benefits and barriers of predicting Model for 

patients No-Show behaviour in Online Medical 

Consultation system? 

 

This paper describes the methodology employed in our 

systematic literature review. This includes the search 

strategy, selection criteria for including studies, data 

extraction process, and any statistical methods used for 

analysis. We ensure transparency by reporting all aspects of 

our review process. The author acknowledges the 

limitations of our systematic literature review. This may 

include potential biases, limitations in the search strategy, 

or any challenges encountered during the review process 

and provide a transparent assessment of the scope and 

generalizability of findings. 

Name of Database Number of Articles 

Scopus 38 

ScienceDirect 9 

Springer 10 

IEEE Xplore 7 

NLM Database 8 

Total 72 

 

An exhaustive literature search was carried out utilizing 

electronic databases such as PubMed, Scopus, and Google 

Springer. The search procedure included relevant keywords 

such as "No-Show behaviour," "online medical 

consultation," "telemedicine," and "machine learning." The 

inclusion criteria for article selection were as follows: 

articles written in English, containing an abstract, and 

exploring No-Show behaviour in online medical 

consultations. Exclusion criteria encompassed articles of 

medical prediction in domains unrelated to health 

appointments, those not employing machine learning 

techniques for predicting No-Show appointments, and 

literature reviews.  

This systematic literature review seeks to improve the 

thoroughness and transparency of the review process by 

following a method aligned with the guidelines outlined in 

the Preferred Reporting Items for Systematic Reviews and 

Meta-Analyses (PRISMA) statement. In accordance with 

the PRISMA guidelines, this review provides a 

comprehensive analysis of the existing literature on the 

behaviour of patients No-Show in Online Medical 

Consultation Systems. The methodology for the review 

incorporates a systematic search strategy, stringent selection 
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criteria, meticulous data extraction, and a critical analysis of 

the findings. The results highlight key trends, themes, and 

gaps in the literature, while the discussion provides insights, 

implications, and future research directions. In summary, 

employing PRISMA in this comprehensive systematic 

literature review enhances the validity and reliability of the 

findings, thereby contributing to the progression of 

knowledge in the domain of patient No-Show behaviour 

within Online Medical Consultation Systems. 

To describe the selection process, illustrate below: 

Fig 1. The Literature Selection Process 

3. Result 

This systematic review aims to examine the phenomenon of 

No-Show behaviour in online medical consultations. The 

review centres on articles meeting specific inclusion and 

exclusion criteria, published within the timeframe of 2019 

to 2022. Articles must meet the inclusion criteria, which 

entail having an abstract, being written in English, and 

examining the occurrence of No-Show behaviour in online 

medical consultations. Articles not meeting the exclusion 

criteria involve those about medical prediction in domains 

beyond health appointments, those lacking the utilization of 

machine learning techniques for predicting No-Show 

appointments, and literature reviews. The main objective of 

this review is to gain insights into the factors contributing to 

No-Show behaviour in online medical consultations and to 

identify effective strategies for mitigating this issue. 

This systematic review highlights the importance of 

understanding No-Show behaviour in online medical 

consultations. The included articles demonstrate the 

multifaceted nature of this issue and provide valuable 

insights into potential strategies for reducing No-Show 

rates. By identifying the factors associated with No-Show 

behaviour and leveraging machine learning techniques, 

healthcare providers can implement targeted interventions 

and improve patient engagement in online medical 

consultations. Further research is warranted to explore 

additional factors and develop more accurate predictive 

models to address this persistent challenge in virtual 

healthcare delivery. 

The rapidly growing volumes of data across every industry, 

especially the Healthcare industry become prominent in the 

modern era. The crucial objective of the systematic 

literature review is to explore the opportunities to review 

theories, empirical studies, and concepts to identify the gap 

in online medical consultation appointments in the 

healthcare industry. It helps to understand and development 

of this research study objective. With the advancement of 

technology, online medical consultation has become an 

essential mode of communication between patients and 

healthcare professionals.  

The survey section is conducted to analyse the efficiency, 

drawbacks and complexities faced in the existing models. 

The particular topic has been chosen by referring to specific 

journal papers to acquire dense knowledge regarding its 

significance. On the overall analysis obtained from referred 

journals, it is noted that there is still a huge requirement for 

a more efficient methodology for enhancing the prediction 

outcomes. The proposed work is formulated to overcome 

gaps that degraded the overall prediction performance. In 

this section, some of the valuable research is surveyed in 

detail.  

Q. 1 Comparison of machine learning algorithms which 

is used for predicting patient's No-Show behaviour and 

which algorithms have the best result? 

Comparison of Existing Algorithms Result  

Publication 

year 
Articles Algorithms Result 

2019 [35] 
JRip and 

Hoeffding Tree 

Accuracy- 

76.44 (JRip) 

and 77.13 

(Hoeffding 

Tree) 

2019 [33] 

Multi-stage 

prediction 

architecture 

Accuracy-

92% (Naïve 

bayes) 

2020 [36] 

SVM, random 

forest, LASSO 

regression and 

XGBoost 

AUC-79 

(Follow-up 

patients), 64 

(Present 

patients) 

2020 [30] OSACI 

Sensitivity-

80.97 (OBL 

initialisation), 

80.97 (OBL 

initialisation), 

81.16 (OBL 

update) 
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2021 [23] RF+GB+DNN 

AUC-0.85, 

MAE-8.55, 

RMSE-6.88 

and MAPE-

12.24 

2021 [21] 
KNN, DT and 

RF+LASSO 

Overall 

AUC-0.99 

2022 [32] SVM +RF+LR 
AUC-76, F1 

score-85 

2022 [18] LR+RF 

AUC-0.71, F-

measure-

66.5% 

2021 [31] Decision Tree Accuracy-95 

2021 [37] 
A11KNN and 

ADASYN 

Better False 

Negative 

Rate 

Performance 

2021 [25] RF, DT and LR 

Recall-0.91 

and ROC-

0.96 

2021 [28] DT 
Recall - 

99.8% 

2021 [34] 

JRip, Logistic 

regression and 

Hoeffding Tree 

Precision, 

Recall- 90, F1 

score-86 

2021 [29] 

LR, DT and 

tree-based 

ensemble 

classifiers 

Precision-

73%, recall-

73.3%, F-

measure-73% 

and accuracy- 

73.3% 

2021 [19] 
DT and 

AdaBoost 

TPR-0.95, 

0.89 

(AdaBoost, 

DT) 

2021 [20] 
KNN+ 

ADASYN 
FNR-0% 

2022 [27] NB, LR and BC 

The precision 

of 0.85 and 

0.77 was 

obtained for 

LR and NB, 

respectively 

2022 [26] 

Uncertainty-

based and 

certainty-based 

prompts 

approach 

Accuracy of 

0.60, 0.55 and 

0.77 was 

obtained for 

cardiology, 

Andrology 

and 

paediatrics, 

respectively 

2022 [22] 

Uni-variate and 

bi-variate chi-

square test 

Time-

0.037s,p-

value-0.05 

2022 [24] 

LR, RF, KNN, 

SVM, NN and 

DT 

RMSE of 

20.4, 18.04, 

31.8, 19.13, 

26.6, 20. 84 

was obtained 

for LR, RF, 

KNN, SVM, 

NN and DT, 

respectively 

 

Alabdulkarim et al. [18] define the ML framework for 

predicting no-shows in dental appointments. This study has 

three primary operations: pre-processing, feature extraction 

and no-show prediction. In the pre-processing stage, some 

of the lost data elements were removed, and outcome data 

were given into the feature extraction stage, where essential 

features were extracted. For prediction, ML-based logistic 

regression (LR), random forests (RF) and gradient boosting 

(GB) were utilised that can predict the no-shows effectively. 

For the hyperparameter tuning process, the grid search 

algorithm was utilised. The AUC of 0.71 and F-measure of 

66.5% were obtained in the experimental section. However, 

this technique shows low training capability and is cost-

effective.  

Alshammari et al. [19] determined ML techniques for 

predicting no-show medical appointments. In this study, two 

ML-based algorithms, like decision tree (DT) and AdaBoost 

were utilised to predict the no-show medical appointments. 

The dataset utilised here was collected from Kaggle of 110k 

appointments from paediatric patients. In the experimental 

section, the AdaBoost and DT approach obtained the TPR 

of 0.95 and 0.89. However, this technique cannot be able to 

train for larger datasets, and the computation cost was very 

high.   

Alaidah et al. [20] established the no-show appointments 

based on hybridised ML techniques. This study introduced 

a hybrid sampling-based k-nearest neighbour (KNN) and 

adaptive synthetic (ADASYN) approach to predict the no-

show appointments. The dataset utilised was taken from the 

Medical Appointment No-Shows, having 110k 

appointments under specialists like hypertension, diabetes, 

alcoholism and handicapped. In order to discriminate 

against the specialist, the leading factor was also 

determined. The SHapley Additive exPlanation (SHAP) 

approach was utilised to identify the target patterns. In the 

experimental section, an FNR of 0% was obtained. 

However, this method was a complex process and required 

highly efficient external tools to predict the medical no-

shows accurately.  
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Fan et al. [21] defined an ML-based approach for predicting 

online no-show appointments. This study utilised KNN, DT 

and RF to predict the online no-show appointments. To 

begin with, feature selection involves the application of the 

Least Absolute Shrinkage and Selection Operator (LASSO), 

ensuring accurate identification of crucial features. The 

dataset employed originated from an online platform of a 

reputable general hospital in China. In an experimental 

scenario, an overall AUC of 0.99 was obtained. However, 

this method was often subjected to high error and highly 

wrong predictions.  

Zhao et al. [22] introduced the no-show prediction for 

tuberculosis patients during the COVID-19 pandemic. From 

the free Yale Paediatric Winchester Chest Tuberculosis 

Clinic, 129 patient records were utilised from 2016 to 2019. 

The difference between the clinical variables and no-show 

appointments was determined using the univariate and bi-

variate chi-square test. The experimental section obtained a 

time of 0.037s p-value of 0.05. However, this method shows 

high error in finding the difference between the no-show 

patients for distance, language problems etc.  

Srinivas and salah [23] established consultation 

measurement and absent prediction of the outpatient 

appointment using ML techniques. This study introduced 

three ML approaches, RF, gradient boosting and deep neural 

networks (DNN), for consultation measurement prediction 

and classification of no-show appointments. In the 

experimental section, the overall AUC of 0.85, MAE of 

8.55, RMSE of 6.88 and MAPE of 12.24 were obtained. An 

online public source of about 25,523 cardiology patient 

records was utilised. However, this approach faces high-

time complexity by utilising unwanted features extracted 

from the patient's record.  

Rastpour and Carolyn [24] defined the no-show 

appointments for psychiatric outpatients using medical data. 

In this study, six distinct ML algorithms, namely RF, LR, 

Support Vector Machine (SVM), Neural Network (NN), 

DT, and KNN were employed. The dataset, comprising 

approximately eight outpatient records and encompassing 

4,187 patients receiving care through 30,342 appointments, 

was collected from the Ontario Shores Centre of Mental 

Health Sciences in Canada. For tuning ML algorithms, the 

GS algorithm was utilised. The experimental section 

showed the RMSE of 20.4, 18.04, 31.8, 19.13, 26.6, 20. 84 

was obtained for LR, RF, KNN, SVM, NN and DT, 

respectively. However, this technique does not differentiate 

the no-show records for males and females separately.  

Salazar et al. [25] contemplated ML algorithms for 

predicting non-attendance patients in health care data. In 

this paper, three ML algorithms, LR, DT and RF, were 

utilised to classify the predicted outcome. Here, data pre-

processing was performed, where the unwanted data was 

cleaned out from the medical records. Finally, the pre-

processed data was given into ML algorithms in which the 

patient absence was classified based on gender, place, age, 

month etc. A dataset in real-time was obtained from the 

Unified Health System (SUS) at the University of Vale do 

Itajai in southern Brazil, consisting of nearly 5000 samples, 

was utilised. Of all the ML models, RF performs better with 

a recall of 0.91 and ROC of 0.96. However, this approach 

was often prone to high error in finding the difference 

between old and new patients due to uneven distribution. 

Li et al. [26] defined the Chinese online consultation using 

the contextual prompts approach. In this study, two 

hierarchical approaches, uncertainty-based and certainty-

based prompts, were utilised. These two methods mainly 

focus on predicting the disease using natural language 

prescriptions based on the patient's condition. In addition, 

this technique also predicts the additional information 

required from the patients and suggests necessary 

information for proper medical care. The three datasets were 

collected from public sources related to medicinal fields like 

paediatrics, Andrology and cardiology. In the experimental 

section, the accuracy of 0.60, 0.55 and 0.77 was obtained for 

cardiology, Andrology and paediatrics, respectively. 

However, the accuracy performance was average to 

increased error and also suffered from high data 

redundancy.  

Hassija et al. [27] determined ML and blockchain (BC) 

based approaches for unimportant medical consultations. 

This study emphasised ML-based naïve Bayes (NB), and 

LR approaches to classify the predicted online medical 

consultations. In order to secure the patient's information, a 

BC-based secure approach was introduced. Here, some 

other operations like pre-processing, word2vector 

conversion and feature extraction eliminate unwanted 

details from the patient's medical records. The dataset was 

collected from public sources from the dialysis patient 

online medical records. In the experimental section, the 

precision of 0.85 and 0.77 was obtained for LR and NB, 

respectively. However, this method can be determined only 

for dialysis patients and not for other medical domains. In 

addition, the cost and time complexity was high compared 

to offline consultations.  

Krishnan and Pushpa [28] defined the ML-based 

classification for no-show medical appointments. In this 

research, various resampling techniques, including 

ADAptive SYNthetic Sampling (ADASYN), Random 

Under Sampling (RUS), Random Oversampling (ROS), 

Edited Nearest Neighbor (ENN), Synthetic Minority 

Oversampling Technique (SMOTE), and Condensed 

Nearest Neighbor (CNN), were employed as a multipronged 

approach to balance the dataset. Finally, the DT classifier 

was utilised to classify the predicted no-show medical 

appointments. The dataset was collected from a public 

source of 8,000 patient records under different specialists 
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like hypertension, diabetes, alcoholism and handicap. The 

overall precision achieved by the DT algorithm was about 

79.7%, and recall 99.8%, respectively. However, the error 

was very high and we were not able to train larger datasets.  

Abu et al. [29] contemplated a multi-phase predictive model 

for non-attendance medical appointments for outpatients in 

rural areas. This study undergoes three crucial stages: data 

analysis, evaluation of attributes and appointment status and 

prediction. In the data analysis, some of the patterns were 

given to non-attendance patients. Some ML classifiers like 

LR, DT and tree-based ensemble classifiers were utilised to 

predict the missed appointments in the medical data. A real-

time dataset from the Finger Lake Community Health 

Centre (FLCH) in New York was utilised for the analysis 

process. In the experimental section, a precision of 73%, 

recall of 73.3%, F-measure of 73% and accuracy of 73.3% 

were obtained. However, this approach shows average 

performance due to the lack of computational resources for 

the tuning process. In addition, this study faces high 

overfitting issues due to high data redundancy.  

Taking into account the impacts of healthcare systems, 

Aladeemy et al. [30] introduced wrapper-based 

methodologies rooted in three distinct variants of the 

Opposition-based Self Adaptive Cohort Intelligence 

(OSACI) procedure. The OSACI strategies presented 

encompassed OBL initialization, OBL update, and OBL 

initialization-update. These variants were derived through 

the integration of Self Adaptive Cohort Intelligence (SACI) 

with three distinct Opposition-based Learning (OBL) 

policies. A sensitivity rate of 80.97% was obtained in the 

case of OBL initialisation and OBL update, whereas 81.16% 

was attained in the case of OBL initialisation update. Only 

less number of features were considered, so effective 

performances cannot be obtained.  

Batool et al. [31] presented research for providing a 

clarification that overcomes the general occurrence of 

medical no-shows through the creation of the ML approach. 

Here the existing patient datasets were used to analyse the 

patterns, relationship between several patient variables and 

missing appointment tendency. To establish the solution 

predictive model, a decision tree-based classification 

algorithm was presented. The scheduling system was 

designed in which the entire model analyses the missing 

appointment details with a 95% of accuracy rate, whereas 

the risk states can also be analysed. The training and testing 

accuracy were degraded due to the utilisation of massive 

datasets.  

Sotudian et al. [32] presented ML models for the prediction 

of missed imaging appointments. This research established 

a parsimonious model through the recursive elimination of 

features. The linear and non-linear models, including 

Support vector machine, random forest and logistic 

regression, were adopted for missing imaging appointment 

prediction. On evaluating the performance, the non-linear 

random forest attained the highest AUC outcome of 76%, 

and an F1 score value of 85% was obtained. The proposed 

approach in this research was less efficient, and the 

variables were not considered effectively.  

Akshaya et al. [33] aimed to construct a prediction model 

for whether the appointment is not in proper order to 

minimise the consequences of a no-show. A multi-stage 

architecture was presented for accurate prediction and to 

handle the imbalanced property issue. The initial stage 

performed a dimensionality reduction approach for data 

compression. The second stage dealt with the imbalanced 

data nature, whereas in the third stage, diverse ML 

algorithms were built. The accuracy of logistic regression 

was 80%, the neural net was 79% and Naïve Bayes as 92% 

to the highest, but the training ability was not effective.  

Moharram et al. [34] developed a precise ML model for no-

show prediction at King Faisal Specialist Hospital and 

Research Centre in pediatric outpatient clinics. The primary 

aim of this study was to gain insights into the attributes of 

pediatric patients with a higher likelihood of missing 

appointments. The best prediction model was determined 

from three ML approaches comparison, including JRip, 

Logistic regression and Hoeffding tree. The F1 score was 

obtained to be 86%, whereas the precision and recall were 

obtained to be 90%. The major drawback faced here was the 

non-consideration of essential features.  

AlMuhaideb et al. [35] presented Hoeffding trees and JRiP 

methods for the patient appointment classification. The 

chief focus of the presented model was to construct a model 

for individual appointment prediction through artificial 

intelligence models. The historic outpatient clinic 

scheduling electronic medical record (EMR) data over one 

year. The accuracy rates of 76.44% and 77.13% were 

obtained in the case of JRiP and Hoeffding tree algorithms. 

The AUC rates of 77.6% and 86.1% were attained through 

JRiP and Hoeffding tree models. But the no-show risks were 

not effectively manipulated.  

Chen et al. [36] utilised the ML algorithm for patient no-

show prediction based on follow-up and present pediatric 

ophthalmology patient visits to estimate the significant 

features. The models like SVM, random forest, LASSO 

regression and XGBoost were employed to evaluate the 

performance. From these classifiers, XGBoost performed 

well with AUC of 79%, positive predictive value (PPV) of 

54% and sensitivity of 41% in the case of follow-up patients. 

For present patients, the AUC of 64%, PPV of 25% and 14% 

of sensitivity were attained. The overall prediction 

performance was found to be extensively low.   

Alaidah et al. [37] introduced a machine-learning algorithm 

designed to predict the likelihood of patients attending their 

upcoming appointments, aiding in the optimization of 
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appointment rescheduling. The primary goal of the 

proposed research is to tackle no-show concerns to 

minimize the false negative rate. To address the data 

imbalance problem in the dataset, a hybrid sampling method 

named A11KNN and ADASYN (Adaptive Synthetic 

Sampling) was utilized. Also, the leading factors 

influencing the no-show rates were investigated. But the 

model complexities were more and effective balancing 

could not be obtained.  

Q.2 How much do machine learning-based solutions 

contribute to reducing the no-show rate in online 

medical appointments? 

Only the study conducted by Chong et al. [59] reported a 

practical experiment that demonstrated a decrease in the no-

show rate for medical appointments. Over the six-month 

duration of the experiment, the absence rate decreased from 

19.3% to 15.9%. This reduction was achieved by sending 

reminders to 25% of patients identified by the model as 

being at a higher risk of missing their appointments. In 

contrast, other works did not provide metrics showcasing a 

decrease in no-show rates following the development of 

machine learning models. 

Four studies [60], [66], [67], [72] concentrated on 

exploratory data analysis and the procedures for 

constructing models, yet they did not implement or discuss 

software or process management solutions derived from 

their findings. Past studies have emphasized the use of 

electronic reminders, such as SMS or phone calls, as a 

means to improve communication with patients [45], [57], 

[58]. To address the cost associated with sending reminders 

to all patients, some studies proposed optimizing reminders 

for high-risk patients only [45], [52], [66], [70], [71]. 

Srinivas and Salah [69] proposed an alternative method to 

decrease absenteeism by offering transportation subsidies 

for patients to reach health centres, taking into account the 

economic profiles of the patients. Additional investigations 

[52]–[56], [61]-[64] recommended the utilization of 

overbooking strategies as a way to alleviate patient non-

attendance. 

Research has delved into diverse strategies, encompassing 

the enhancement of appointment planning by integrating 

predictive models into scheduling systems [38]-[51], [53], 

[57], [65], [68] gathering fundamental information for new 

patients via online forms [69], and restructuring workflow 

and scheduling policies [68]. All these efforts are directed 

towards minimizing absenteeism. 

Q3. Benefits and barriers of predicting Model for 

patients No-Show behaviour in Online Medical 

Consultation system? 

Machine learning algorithms are the updated version of 

regular algorithms. Enhancing programs involves enabling 

them to learn autonomously from the provided data. 

Machine learning algorithms are typically categorized into 

the training and testing phases.  

During the training phase, online medical consultations 

from the market training data are randomly selected. A 

comprehensive table is created, detailing the various 

characteristics of users engaged in online medical 

consultations, including factors such as the ease of 

connecting with doctors, courtesy and helpfulness of 

doctors, feelings of safety and security, perceived value for 

money, time given by the doctor, attention to details 

provided by doctors, accuracy of diagnosis, doctor not in a 

hurry, and overall experience (input variables). 

Additionally, output variables such as cost-effectiveness, 

seeking a second opinion, prompt medical attention, 

considerations of privacy, avoiding the need to save all 

medical reports, access to specialists, availability, comfort 

and convenience, time-saving, and reducing the chances of 

acquiring a new illness are recorded. To input this data into 

the machine learning algorithm, whether it be for 

classification or regression, the algorithm learns a model 

that captures the correlation between the characteristics of 

users engaging in online medical consultations and the 

reasons behind their utilization of this service. 

During the testing phase, healthcare professionals 

conducting online consultations can assess the 

characteristics of potential users (test data) engaged in 

online medical consultations. Subsequently, they feed this 

data into the machine learning algorithm, utilizing the 

previously established model to predict users who are likely 

to opt for online medical consultations. 

Online medical consultations offer several potential 

advantages, including obtaining a second opinion, time-

saving measures, receiving prompt medical attention, 

accessing specialists, eliminating the need to store all 

medical reports, ensuring privacy and availability, 

experiencing comfort, and convenience, benefiting from 

cost-effectiveness and reducing the likelihood of 

contracting new illnesses, among other benefits.  

The entire healthcare or medical industry is facing drastic 

change at the moment. This research work enables users to 

achieve new heights in their personal and professional lives. 

Machine learning enhances data visualisation and enables 

us to make data-driven decisions. This study offers a deep 

understanding of data mining and a machine learning 

technique used in the healthcare industry and lays the 

foundation for future usage. This work helps everyone to 

understand how the research process is utilised to achieve 

the study objectives using suitable research methodologies. 

This research work has significant advantages for 

policymakers, governments, companies, and new start-ups 

across every sector, especially healthcare. 
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4. Discussion 

The discussion section critically analyses and interprets the 

findings. It explores the implications of the findings 

concerning the research objectives and research questions. 

Discrepancies, contradictions, and gaps in the literature are 

identified and addressed. The discussion also highlights the 

strengths and limitations of the review. 

Some of the research gaps analysed from the survey of 

existing methods are listed as follows:  

• Low training capability because of ineffective 

consideration of data. 

• Complexity in training huge data with the high cost 

of computation. 

• Maximisation of error rates and degraded 

prediction performance. 

• High-time complexity because of ineffective 

feature consideration. 

• Increased overfitting issues due to high data 

redundancy. 

• Less efficient due to non-consideration of 

significant variables. 

• Ineffective manipulation of no-show risks and 

improper data balancing.   

To overcome the above drawbacks, it is crucial to create a 

predictive model which is capable of evaluating the 

probability of the patients attending their scheduled 

appointments or not. In existing, several approaches are 

proposed to solve these issues, but they failed due to the 

collection of unsuitable input data, reduced efficiency, high 

error rates, inappropriate feature selections and reduced 

learning ability. Recently, machine learning algorithms 

have gained more attention in prediction analysis in 

healthcare sectors. This machine learning algorithm can 

attain relevant information from the given input samples and 

provides exact predictions. Thus, it motivates the authors to 

develop different machine-learning algorithms for 

supporting patients in online medical appointments and 

consultations. Through the development of the following 

research objectives, the above-mentioned research gaps can 

be overcome effectively, and the overall performance will 

be maximised with a minimal amount of time and 

complexity.  

5. Conclusion 

The conclusion provides a concise summary of the main 

findings of our systematic literature review and their 

implications. It emphasizes the contributions of the review 

to the existing body of knowledge and proposes potential 

avenues for future research directions. 

The proposed machine learning models can robustly predict 

the patient no-shows from the given input medical records. 

An appropriate selection of prediction variables can help the 

prediction algorithms to attain enhanced prediction 

performance. By utilising powerful pre-processing 

techniques, the quality of input samples gets improved and 

can reduce the prediction time. Moreover, effective data 

augmentation methods can highly mitigate the class 

imbalance problem. The new machine learning methods and 

optimisation algorithms can also aid in improving prediction 

accuracy. The superiority of the proposed study is revealed 

by performing the comparison over various traditional 

machine learning methods. Hence from the proposed 

objectives, improved results in predicting patient no-shows 

in online medical consultations can be attained with greater 

accuracy.   

The performance metrics are highly utilised to prove the 

superiority of the machine learning models to predict the no-

show behaviour in online medical consultation systems.   
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