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Abstract

A no-show occurs when patient misses his appointment for visiting doctor in an outpatient clinic. No-shows result in
inefficiencies in scheduling, capacity wastage and discontinuity in care. The study aims to develop and compare different models
for predicting appointment no-shows in a hospital. The no-show estimation was made using five algorithms including Logistic
Regression, Decision Tree Classifier, Random Forest, Linear Support Vector Machine and Gradient Boosting. The performance
of each model is measured in terms of accuracy, specificity, precision, recall and F measure. The receiver operating characteristic
curve and the precision-recall curve are obtained as further performance indicators. The result shows gradient boosting is more
evident in giving consistent performance. The categorical variables used for prediction are gender, mapped age, appointment type,
previous no-shows, number of previous no-shows, appointment weekday, waiting interval days, scholarship, hypertension,
diabetes, alcoholism, handicap and SMS received.

Keywords- Healthcare, Machine learning, Patient no-shows, Hospital management, Predictive analytics.

1. Introduction

A “no show” occurs in a healthcare facility when a patient misses a scheduled appointment mostly for
visiting doctor in an outpatient clinic. It is not easy for the healthcare systems to reschedule another
patient to the time slot when a patient misses his appointment. Missed appointments are always a serious
challenge to clinics and healthcare facilities all over the world. The impact of these missed appointments
is significant to the revenue as well as costs of hospitals (Alaeddini et al., 2011). In the patients’ health
perspective, no-shows are very severe due to the adverse effects and health problems which it can bring to
the patient (Schectman et al., 2008). The effect of such missed appointments is very severe in certain
cases where the demand for those services is high and expensive (Daggy et al., 2010).

One of the strategies used to mitigate the impact of no-show is adjusting the service time. Some other
strategies used to reduce the effect of missed appointments are introducing cancellation policies, allowing
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random walk-ins and implementing overbooking. Many healthcare facilities never consider the risk
factors associated with no-shows and simply adopt the strategy of overbooking or random walk-ins.
When all the scheduled and overbooked patients arrive, the practitioner is forced to do overtime (Huang
and Zuniga, 2012). Sending reminders in the form of messages, making phone calls and sending emails
are also strategies used by the clinics to reduce the no-shows (Downer et al., 2005; Ritchie et al., 2000). In
order to use these strategies, the probability of no-show must be assessed. No-shows are not occurring
randomly and the pattern can be predicted. The variables used for such prediction include demographic
variables like gender, age, marital status and appointment characteristics like day of the week, month and
lead time (Dantas et al., 2018; Peng et al., 2014).

Popular methods used for the no-show prediction described in the literature are Logistic Regression,
Neural Networks, Bayesian models, Markov based models and Stacking methods (Carreras-Garcia et al.,
2020). Logistic Regression model is a widely explored model for prediction of no-shows whereas
methods such as Gradient Boosting, Random Forest, Decision Tree and Linear SVM are very less
explored. Thus, the comparative study, comprising of all methods is relevant for existing literature. The
current study uses supervised machine learning techniques such as Logistic Regression, Decision Tree,
Random Forest, Linear Support Vector Machine and Gradient Boosting to predict the appointment no-
shows. The study used variables gender, mapped age, appointment type, previous no-shows, humber of
previous no-shows, appointment weekday, waiting interval days, scholarship, hypertension, diabetes,
alcoholism, handicap and SMS received. All of the variables used in the study are categorical variables,
with the majority of them being extracted by the researchers from the raw data in order to improve the
current study's performance. All the models are implemented using Python with the Scikit-learn library.
Accuracy, Specificity, Precision, Recall, and F measure are obtained as performance measures for each
model. Additional performance indicators such as the Receiver Operating Characteristic curve and the
Precision-Recall curve are generated. Majority of the related studies have not used Precision-Recall curve
to assess the performance of the predictive model.

The research paper is organized as follows: initially, related studies are discussed in section 2, which is
followed by the conceptual analysis of the different prediction methods in section 3. Then in section 4, the
framework of the study is mentioned in detail. Following that, the variables are analyzed and new
variables are extracted for better prediction in section 5. In section 6 each model's performance is assessed
and the results are discussed in section 7. The limits are identified in section 8 and the conclusion is
presented in section 9.

2. Related Studies

Most of the related studies use Logistic Regression to predict appointment no-shows. Logistic regression
is actually solving the limitation of linear regression for categorical variables. It makes use of the
maximum likelihood estimation of probability log function and is frequently used for classification
problems like show or no-show (Peng et al., 2002). Predictions using Logistic Regression make better
results and at the same time are easy to implement. A study conducted to predict appointment no-shows
of diabetes patients in University of Tokyo hospital using Logistic Regression (Kurasawa et al., 2015)
gives a high level of performance. The performance of the model is analyzed using Receiver Operating
Characteristic curve (ROC) and the value of Area Under the Curve (AUC) is obtained as 0.958. The study
also measured precision, recall and F measure and is found as 0.757, 0.659 and 0.704 respectively. The
study only employed one method, although other approaches may have been used to improve the
prediction performance.
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In another study Torres et al. (2015), Multiple Logistic Regression analysis model is used to predict
missed appointments and considered variables such as age, sex, race, language, insurance, marital status,
clinic ZIP code, type of doctor, day of week, time of day and season for the prediction The study used
demographic and appointment characteristics but not considered any clinical characteristics for prediction.

Other than the Binomial Regression, Multinomial Regression takes more than two output variables. A
study by Hong and Alaeddini used Multinomial Logistic Regression with regularization to predict
variables shows, no-shows, tardiness and cancellations (Hong & Alaeddini, 2017). But the study has not
considered some of the important appointment characteristics such as lead time and previous no-show.
Another similar study used Logistic Regression to predict the appointment no-shows in radiology
examination centers (Harvey et al., 2017). The study analyzed the performance of the Logistic Regression
model using Receiver Operating Characteristic curve (ROC) and Area under the Curve (AUC). More
prediction approaches, such as Random Forest and Gradient Boosting, could have enhanced the study.

In a comparative study Devasahay et al. (2017) used both Logistic Regression model and Decision Tree
model to predict appointment no-shows. The performance measures sensitivity and specificity of each
model is obtained and is compared. The study used only two methods in prediction and also not measured
performance in terms of ROC and Precision-Recall curve. In another study (Pence et al., 2018) three
Logistic Regression models are compared, by plotting Receiver Operating Characteristics (ROC) curves.
The study separately considered the different predictor variables such as previous missed appointments,
demographic variables and clinical & psychosocial characteristics and identified their prediction capacity.
In another study Elvira et al. (2018) carried out outpatient no-show prediction by building model based on
Gradient Boosting with an Area under the Curve (AUC) of 0.74.

In another study Mohammadi et al. (2018) built three machine learning models to predict clinical
appointment no-shows. Logistic Regression, Multilayer Perceptron, and Naive Bayes classifier models
are used with tenfold cross validation. The performance measures are compared and find that the method
Naive Bayes is better than other two methods based on Accuracy and AUC. The study may have used
performance measures including precision-recall curve to analyze the performance. Another study
Srinivas & Ravindran (2018) proposed a framework with five different machine learning algorithms
Logistic Regression, Neural Network, Random Forest, Gradient Boosting and Stacking in the study for
optimizing appointment scheduling system. Performance measures such as Accuracy, Precision, F
measure and Area Under the Curve (AUC) are used to evaluate the best machine learning algorithm.

Another study AlMuhaideb et al. (2019) used Decision Trees, Hoeffding and JRip for predicting patient
no-shows. The Receiver Operating Curve is drawn and the AUC for JRip is obtained as 0.776 and for
Hoeffding it is 0. 861. According to a study Ahmadi et al. (2019) predicted appointment no-shows and
late cancellations in two stages. In first stage used the prediction techniques Decision Tree, Random
Forest and Naive Bayes and in the second stage applied the Stacking method. In another study Nelson et
al. (2019) for predicting attendance applied Logistic Regression, Random Forest, Support Vector
Machine and AdaBoost algorithms and the performance is measured using Receiver Operating
Characteristic curve (ROC) and Area Under the curve (AUC). The performance of the models is also
measured using Precision-Recall curve and Average Precision. The study included data from two
hospitals, which might be reduced to one hospital to improve the model's performance. In another
research Alshaya (2019) proposed a framework by using different machine learning algorithms such as
Logistic Regression, Linear Support Vector Machine, Stochastic Gradient Descent, K-neighbor and
Random Forest for prediction. The study used various balancing techniques, and dimensionality reduction
methods. It tackles the problem of data imbalance to avoid the bias in the trained models.
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In another study Nasir et al. (2020) used Logistic Regression, Support Vector Machine, Random Forest
and Artificial Neural Network for predicting no-shows. The performance measures such as Sensitivity,
Specificity, Accuracy and AUC are analyzed and compared to find the best model. In a study Daghistani
et al. (2020) analyzed the performance of five machine learning algorithms to predict outpatient’s
appointment no-shows. The machine learning techniques employed in the study are Logistic Regression,
Random Forest, Linear Support Vector Machine, Gradient Boosting and Multilayer Perceptron and the
best model is selected based on Accuracy, Precision, Recall, AUC and F-measure. Both the studies may
also have considered Precision-Recall curve for analyzing the model’s performance. According to another
research Fan et al. (2021) used Logistic Regression, K-nearest neighbor, Boosting, Decision tree, Bagging
and Random Forest to design prediction models for patient no-show in online outpatient appointments.
The researchers focused on online appointments and discovered that the bagging method provides more
accurate predictions. The Precision-Recall curve and average precision may have been used in the study
to assess each model's performance.

In another study Dashtban & Li (2021) analyzed no-show using Naive Bayes, K-nearest neighbor,
Decision tree, Random Forest and Logistic Regression. The study also used deep learning sparse stacked
denoising autoencoders to predict no-show and in the study the method logistic regression proves more
performing. Thus; the related studies give a glimpse to the theoretical background and provide empirical
evidence to use of machine learning in predicting clinical appointment no-show. Most of the previous
literature used Logistic Regression and the current study will add more evidence to the use of other
machine learning methods. Other than many of the related studies, the current study used only categorical
variables to improve the prediction performance. A new categorical appointment variable, 'number of
previous no-shows," have been added to the research. The study also used the Precision-Recall curve as a
performance measure, which many previous studies had ignored when evaluating the model's performance.

3. Approaches for Prediction

Machine learning algorithms automatically learn patterns to make accurate predictions from past
observations. Supervised machine learning particularly predicts the output based on evidence. It learns a
function on sample input-output pairs, which is further used to map an input to an output (Azuaje, 2006).
The training phase of the supervised algorithms uses the inputs and the actual outputs to learn and
uncover the relationship between them, and the testing phase uses the trained algorithm to make
predictions (Sarker, 2021). To predict missed appointments, five approaches employed which make use of
five different logics. They are logistic regression, decision tree, random forest, linear support vector
machine and gradient boosting. linear regression is a form of regression that's used to predict binary and
categorical outcomes like appointment show and no-show in the most efficient way possible (Kheirkhah
et al., 2015). One of the simplest and most widely used machine learning approach for forecasting missed
appointment is logistic regression. Binomial logistic regression is used to estimate the likelihood of a
dependent variable with two alternative outcomes such as show and no-show (Maalouf, 2011).

The Logistic Regression model uses independent variables to predict the dependent categorical
variable whereas the Decision Tree models, take a completely different approach to decision logic to
classify data objects into a tree-like structure. A decision tree is similar like a normal tree with roots,
branches and leaves. It is a decision support tool that uses a tree-like model of decision-making
process and its possible consequences (Patel and Prajapati, 2018). It consists of decision nodes that are
connected by branches, starting from a node called the root node and terminates at a node which is
called the leaf node, with an outcome. A mathematical algorithm is used to select a feature with a
corresponding threshold at each decision node in order to separate the observation into two or more
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subgroups. For classification problems, the Decision tree model can be a powerful machine learning
algorithm. (Osisanwo et al., 2017).

Random forest and gradient boosting are two ensemble methods for improving base model prediction.
The averaging ensemble method is used in Random Forest, whereas the boosting method is used in
Gradient boosting. The Random Forest (Breiman, 2001) generates numerous decision trees at random in
order to produce accurate and consistent results. Instead of searching for the most important feature while
splitting a node, it searches for the best feature among a random subset of features (Kundu and Suranjan
Das, 2019). Gradient Boosting employs weak learners or decision trees, as well as an additive model that
uses an iterative and systematic method for adding trees one at a time.

On the other hand, the Linear SVM method seeks out a hyper plane or border between data classes that
maximize the margin between them (Patnaik et al., 2020). The data in a Support Vector Machine is
plotted as points in n-dimensional space. Prediction of show and no-show is done by finding the hyper
plane that separates the two sets. SVM selects the most extreme cases to contribute in the creation of the
hyper plane (Kotsiantis et al., 2006). Support vectors are the extreme instances, and hence the algorithm is
termed as Support Vector Machine.

All the five machine learning approaches for prediction are implemented through the Scikit-learn library
in python. The Scikit-learn is the Machine Learning library which consists of tools for regression,
classification, dimension reduction and clustering. Several other Scikit libraries such as Pandas, NumPy
and Matplotlib are also used by the current study in order to acquire and analyze the data.

4. Framework of Study

The framework of the study shown in Figure 1 gives a detailed description of the entire study. The raw
dataset is cleaned and pre-processed for the analysis. Data pre-processing is done in order to convert the
messy and noisy real data into quality data. In the first stage of pre-processing the data is checked for
duplicates. The cleansed data is then used to extract new variables from the existing variables in order to
improve prediction accuracy.

Model Development

: 1.Logistic Regression
Z;%DE;‘C%?&:RS Splitting Training ZBDS;:;’;?%Uﬁe
Variables Data Set 4 R.andom Forest

l 5.Gradient Boosting

Test Set

Raw Data
Set

Testing Performance of
the Model
1.Accuracy
2 Specificity

3.F-measure
4 Precision
5 Recall
5ROC curve
6.Precision-Recall curve

Figure 1. Framework of study.
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The pre-processed and extracted data is then divided into training set and test set. In the model generation
process, the program learns from an initial set of data which is usually called as the training set and the
model is developed from this training set. The prediction is made on another set which is usually called as
the test set. Here for the problem presented in the current study, 80% of the total data is used as training
set and 20% of data is used as test set (GENC & TUNGC, 2019). There are thirteen input variables
considered for the study. The output variable is patient attendance which has two values show and no-
show. The machine learning models Logistic Regression, Decision tree, Linear SVM, Random Forest
and Gradient Boosting are implemented to determine the missed appointments. The trained models are
then tested using the test set. Each model is analyzed and compared for performance using indicators such
as Accuracy, Specificity, F-measure, Precision, Recall and Receiver Operating Characteristic Curve.
Precision-Recall curve is also drawn and the average precision is determined.

5. Variables for Prediction

The study extracted appointment data from a public hospital in Brazil. The data consisted of 62299 patients
and their 110527 appointments which is a large data for implementing machine learning techniques. The
raw data obtained from the hospital database consisted of variables such as patient id, appointment id,
gender, scheduled day, appointment day, age, neighborhood, scholarship, diabetes, alcoholism, handicap,
SMS received and no-show. Out of the 110527 appointments 88208 are shows and 22319 are no-shows.
Missed appointments or no-shows account for 20 percent of the total appointments considered for the study.
New variables such as waiting interval days, appointment week days, mapped age, appointment type,
previous no- shows and number of previous no-shows are extracted from the existing variables for better
prediction results. The variable neighborhood is excluded since it decreases the performance of models. All
the variables are categorized in order to improve the performance of Models. Most of the prediction
models in the related studies used variables such as age, gender, and appointment type, previous no-shows,
appointment week day and lead time (Carreras-Garcia et al., 2020). In current study variables ‘previous
no-shows’ and ‘number of previous no-shows’ are considered separately.

5.1 Appointment Week Days

A new variable extracted from the raw data is the appointment week days. The appointment week days
are extracted from the appointment day data. Figure 2 describes the distribution of appointment no-shows
based on appointment weekdays. The bar chart represents the number of appointments by patients on each
week day and the line chart shows the number of patient no-shows on that day of the week.
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Figure 2. Distribution of no-show based on appointment week days.
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5.2 Mapped Age

The variable age is categorized into five child, teenager, and young adult, adult and senior. The data
categorization is done in order to improve the performance of the prediction models. The distribution of
the no-show based on the mapped age is given below in the chart in Figure 3. Bars represent the number
of appointments and lines represent the number of no-shows.
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Figure 3. Distribution of no-show based on mapped age.

5.3 Waiting Interval Days

Waiting interval days is one of the new variables extracted from the raw data. The variable waiting interval
days is calculated from the variables scheduled day and appointment day. Scheduled day is the day on
which the appointment is booked and appointment day is the actual date of appointment on which the
patient is supposed to visit the hospital. The waiting interval days are the difference between scheduled day
and appointment day. Further the variable waiting interval days is categorized into five including Same day,
Within two days, Within a week, Within a month and more than a month. Figure 4 represents the
distribution of no-show on waiting interval days. The variable waiting interval days is plotted on the X axis.
Number of patient appointments and number of no-shows are represented on the Y axis.
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Figure 4. Distribution of no-show based on waiting interval days.
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Another variable derived from the appointment data is the appointment type which determines whether
the appointment is a fresh appointment or a repeated appointment. Previous no-show describes whether
the patient has got any previous no-show history or not. And the number of previous no-shows gives the
total number of missed appointments of a particular patient. Both these variables are extracted from the
no-show data. Number of previous no-shows is again categorized into no previous no-shows, less than
two previous no-shows, between three and ten no-shows, and more than ten no-shows.

The other variables used for prediction are diabetics, hypertension, alcoholism, scholarship and handicap.
The variable handicap has got four types. The numbers 1 to 4 indicate number of disabilities of the patient.
Thus, the variables used in the study are gender, mapped age, appointment type, previous no-shows,
number of previous no-shows, appointment weekday, waiting interval days, SMS received, scholarship,
hypertension, alcoholism, diabetics and handicap. The above variables are used with the different
classification algorithms to develop the models in predicting patient appointment no-show. Most of the
variables used in the study are previously used by many related studies to predict clinical appointment no-
shows. A descriptive analysis of the variables towards no-show is given below in the Table 1.

6. Performance Measures

The confusion matrix summarizes the performance of the prediction model. It compares the actual values
with the values those predicted by machine learning models. First the case of Decision tree model, as the
Figure 5 demonstrates, out of total predicted no-shows 3888 are true positives and are no-shows and 948
are false positives and are show-ups. And out of the total predicted shows in the Decision tree model
16690 are true negatives and 580 are false negatives and are no-shows. Confusion matrix for Logistic
Regression model is also shown in the Figure 5 which explains out of the predicted no-shows 3886 are
true positives and are no-shows. And the 886 are false positives and end in show-up. And out of the total
predicted shows 582 become false negative and are no-shows and 16752 are true negative and are
show-ups.

Table 1. Descriptive analysis of variables to show/no-show.

Variables Total Show No show
Gender Male 38687 30962 7725
Female 71840 57246 14594
Mapped Age Child 19945 15910 4035
Teenager 6343 4653 1690
Young Adult 6856 5131 1725
Adult 52086 41475 10611
Senior 25297 21039 4258
Appointment type Fresh 62299 50106 12193
Repeat 48228 38102 10126
Previous no-show Yes 33697 11378 22319
No 76830 76830
Number of previous no-show No 76830 76830
Less than 2 No-shows 31408 10519 20889
Between 3 &10 No-shows 2245 847 1398
More than 10 No-shows 44 12 32
Appointment weekday Monday 22715 18025 4690
Tuesday 25640 20488 5152
Wednesday 25867 20774 5093
Thursday 17247 13909 3338
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Table 1. Continued

Fue label

Fue label

Friday 19019 14982 4037
Saturday 39 30 9
Waiting interval days Same day 38563 36771 1792
Within two days 11938 9223 2715
Within a week 20247 15190 5057
Within a month 30068 20523 9545
More than a month 9711 6501 3210
SMS received Yes 35482 25698 9784
No 75045 62510 12535
Scholarship Yes 10861 8283 2578
No 99666 79925 19741
Hypertension Yes 21801 18029 3772
No 88726 70179 18547
Alcoholism Yes 3360 2683 677
No 107167 85525 21642
Diabetics Yes 7943 6513 1430
No 102584 81695 20889
Handicap 0 108286 86374 21912
1 2042 1676 366
2 183 146 37
3 13 10 3
4 3 2 1
Decision Tree Random Forest Gradient Boosting

No show

No show

show

No show show

Predicted label

Logistic Regression
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Figure 5. Confusion matrix for different machine learning models.
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In the confusion matrix of random forest algorithm among the predicted no-shows 3821 are true positive
and are no-shows but 883 are false positives and are shows in the actual values. And out of the predicted
shows 16755 are true negative and 647 are false negative and are no-shows.

In the confusion matrix for Linear SVM out of the predicted no-shows 4141 are true positive and are no-
shows and 1200 are false positives and are show-ups. Out of the predicted shows in Linear SVM 16438
are true negatives and 327 are false negatives. And in the confusion matrix of Gradient Boosting classifier
algorithm, out of the predicted no-shows 3977 are true positives and 953 are false negatives and
among the predicted appointment shows 16685 are true negatives and 491 are false negatives and are no-
shows.

A few performance measures, including accuracy, specificity, and sensitivity, can be evaluated using the
confusion matrix. A test's accuracy is determined by its ability to appropriately distinguish between no-
shows and show-ups. We should determine the percent of true positive and true negative in all analyzed
cases to measure a test's accuracy (Skaik, 2008). This can be expressed mathematically as:

Accuracy=TP + TN/P + N Q)

where, N is number of show-ups and P is the number of no-shows. TN is the number of patients who
were previously predicted as show-ups and TP is the number of patients who were previously predicted as
no-shows.

Accuracy is not a reliable measure especially in cases with imbalance problems. When there is a disparity
in positive and negative values, it is called an imbalance problem (Chawla, Japkowicz and Kotcz, 2004).
In the current study there exist imbalance problems, the number of patient appointment no-shows are very
less compared to the patients show-up for appointments. And as a result, the model requires more
dependable measures to determine the performance. A test's sensitivity refers to its capacity to
appropriately identify patient appointment no-show (Skaik, 2008). In order to determine that the study
calculate the fraction of true positive in no- shows. This can be expressed as:

Sensitivity = TP/P 2
where, P is the number of no-shows and TP is the number of patients correctly classified as no-shows.

The capacity of a test to correctly determine appointment show-up is its specificity (Skaik, 2008). In order

to estimate that we calculate the fraction of true negatives in show-up. This can be expressed

mathematically as:

Specificity = TN/N 3
Precision is the fraction of actual no-shows predicted (true positive) to the sum of correctly predicted no-

shows and correctly predicted shows (true positive plus true negatives). The measure of precision is

mathematically expressed as:

Precision = TP/TP + TN 4)
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Another performance measure is the F-measure. F-measure assesses how well precision and
recall are harmonized. When F-measure is high, it indicates that both precision and recall are high
and a lower F-measure indicates high precision-to-recall imbalance (Skaik, 2008). F-measure score is
expressed as:

F measure = 2*Precision*Recall/Precision + Recall %)
The performance measures accuracy, sensitivity (recall), specificity, precision and recall for each model

are evaluated and is are given below in Table 2.

Table 2. Performance measures of the models.

Model Logistic regression Decision tree LSVM Random forest Gradient Boosting
Accuracy 0.93 0.93 0.93 0.93 0.93
Sensitivity 0.87 0.87 0.93 0.86 0.89

(Recall)

Specificity 0.95 0.95 0.93 0.95 0.95
Precision 0.81 0.80 0.78 0.81 0.81
F measure 0.84 0.84 0.84 0.83 0.85

6.1 Precision-Recall Curve

The Precision-Recall curve is a novel way to assess a predictive model's performance in predicting
appointment no-shows (Ozenne et al., 2015). It depicts the trade-off between precision and recall (also
known as sensitivity) over all potential threshold values. The Precision-Recall curve focuses on the
predictive model's ability to detect no-show, ignoring the correctly anticipated show-up (true negatives),
which are the majority. Precision-Recall plot is more useful when evaluating predictive models with
imbalanced data (Saito and Rehmsmeier, 2015). The Precision-Recall curve makes it simple determining
which operating point the precision and recall are high.

Average precision (AP) summarizes the precision recall curve into a single value. It is the weighted sum
of precisions at each threshold with the weight is the increase in recall from the prior threshold. Average
precision and the area under the precision-recall curve are common ways to evaluate a Precision-Recall
curve.

The Precision-Recall curves for the five models are shown in Figure 6. The average precision obtained for

each model is displayed on the chart. The AP values for the model's Logistic Regression, Decision tree,
Random Forest, Linear SVM and Gradient Boosting are 0.94, 0.91, 0.93, 0.94, and 0.94 respectively.

568 | Vol. 7, No. 4, 2022




Joseph et al.: Machine Learning for Prediction of Clinical Appointment No-Shows | Il@iﬁ

10 101
- 9 £ 09 \\
T & o
2 2 08 ~
Z 090 = By
3 g 07 \
= 085 2
B L 06
g oso Bos
§ 075 § 04
4 £ o
goro Los3
LogisticRegression (AP = 0.94 \ DecisionTreeClassifier (AP = 0.91)
065 02
00 02 04 06 08 10 00 02 04 06 08 10
Recall (Positive label: No show Recall (Positive label: No show
10 100
%09 F
L B 8 095
, &
294 2 90
507 3
2 2 085
Y06 v
gos ¢ %
§ 04 § 075
36 \
o3 Lo \
02 { — RandomForestClassifier (AP = 0.93) —— LinearSVC (AP = 0.94)
- 065
00 02 04 06 08 10 00 02 04 06 08 10
Recall (Positive label: No show) Recall (Positive label: No show)
100 \
3 \
g 095 \
a L
Z 090 N
3 N,
2 085 L
v N
2
% 080
&
§ 075 \
4
Lo |
GradientBoostingClassifier (AP = 0.94)
65
00 02 04 06 08 10

6
Recall (Positive label: No show)

Figure 6. Precision -Recall Curve for different models.

6.2 Receiver Operating Characteristic Curve

The Receiver Operating Characteristic (ROC) curve is a graph that illustrates how well a prediction
model performs at various thresholds. The Area under the curve (AUC) indicates to what extend the
predictive model distinguishes between show and no-show. Higher AUC shows how better the model
differentiates between patients who are showing up and those who don’t. Receiver Operating
Characteristic curve is formed by plotting FPR (false positive rate) on X-axis and TPR (true positive rate)
on Y-axis (Bradley, 1997).

TPR = TP/TP + FN 6)
FPR = FP/TN + FP @)

TPR is sensitivity which shows the correct number of predicted no-show among all actual no- show. FPR
is the fraction of incorrect number of predicted show-up to all actual show-up. In short on ROC curve, it
is sensitivity on the Y-axis and (1- specificity) on the X-axis.

The AUC value ranges from 0 to 1, with an AUC of value 0.5 indicating no discrimination (i.e., ability to

distinguish the difference between show-ups and no-shows), 0.7 and 0.8 are considered acceptable, 0.8
and 0.9 are great, and more than 0.9 is remarkable (Mandrekar, 2010). The receiver operating
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characteristic curve for the five predictive models' Linear Regression, Decision Tree, Random Forest,
LSVM and Gradient Boosting are drawn on a single chart (Figure 7) for the intent of comparison. The
AUC values for all the approaches are found remarkable and are 0.98 for Logistic Regression, Random
Forest, Linear SVC and Gradient Boosting and is 0.97 for Decision tree model.

ROC curve Comparison

E—

10

0.8

0.6

0.4

Tue Positive Rate [Positive label- show)

0.2
LogisticRegression (AUC = 0.98)
DecisionTreeClassifier (AUC = 0.97)
RandomForestClassifier (AUC = 0.98)
LinearSVC (AUC = 0.98)

00 GradientBoostingClassifier (AUC = 0.98)

00 02 04 06 08 10
False Positive Rate (Positive label: show)

Figure 7. Receiver operating characteristic curve comparison.

7. Discussion of Results

Logistic Regression, Decision Tree model, Random Forest classifier, Linear SVM and Gradient Boosting
are the models which are developed and implemented. The five models are compared based on the
performance measures accuracy, sensitivity, specificity, precision, and F measure. The performance
measure values of the five models are given in table 2. It is identified that all models performed well and
the accuracy for all the models are around 0.93. In a comparable study (Alshaya, 2019), the accuracy of
all major methods employed to predict appointment no-show, including Logistic Regression, Random
Forest, and Support Vector Machine, was found to be 0.68. In comparison to most other models in the
literature, the models in this study are more accurate. The precision is measured high 0.81 for Logistic
Regression, Random Forest and Gradient Boosting. The recall or sensitivity is high for Linear SVM and
is 0.93. Gradient Boosting has a sensitivity of 0.89; Logistic Regression and Decision Tree have a
sensitivity of 0.87, while Random Forest has a sensitivity of 0.86. Figure 7 shows the Receiver Operating
Characteristic curve (ROC) and the Area under the Curve (AUC) for each of the five models. Linear
Regression, Random Forest, Support Vector Machine, and Gradient Boosting all have a high Area under
the Curve of 0.98. The AUC for the decision tree model is 0.97. The AUC is high when compared to the
AUCs observed for most of the prediction models in the literature. The AUC obtained for a study (Nasir
et al., 2020) was 0.8678 for its highest performing model Random Forest. In another study (Daghistani et
al., 2020) to predict appointment no-shows, the highest performing model Gradient Boosting has an Area
under the Curve of 0.81.
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The Precision-Recall curve is constructed for all models, and the average precision is calculated, as
illustrated in Figure 6. Linear SVM, Gradient Boosting, and Logistic Regression models have an average
precision of 0.94, while Random Forest and Decision Tree have an average precision of 0.93 and 0.91,
respectively. From the performance indicators it is clear that the predictions made by different models are
accurate, specific and robust. The performance metrics established in this study are higher than the
performance measures for no-show predictions found in the literature. Out of the methods employed in
the study Gradient Boosting is giving high value for all performance indicators. Demographic variables,
appointment features, and clinical characteristics such as handicap and alcoholism were all employed in
the study. The study also considered history of no-shows as two variables, previous no-shows and number
of previous no-shows. Also, the predictive models' high-performance metric demonstrates the
significance of the variables applied for prediction. The Precision-Recall curve and average precision are
also used to assess performance in the current study.

8. Limitations

The current study comes with certain limitations. First the proposed prediction models are evaluated with
outpatient appointment data from one public hospital in Brazil. The study is confined to only one clinic
and hence the findings cannot be generalized. The model needs to be evaluated with other hospitals in
other parts of the world with different characteristics and demographics. Secondly the study used only
thirteen variables gender, mapped age, appointment type, previous no-shows, number of previous no-
shows, appointment weekday, waiting interval days, scholarship, hypertension, diabetes, alcoholism,
handicap and SMS received to predict the clinical appointment no-shows. The study can be done by
including more demographic and environmental variables like race, ethnicity, marital status and
transportation mode. Thirdly the study has assumed missed appointments and cancellations as no-shows
and the cancellations are not separately taken into account. The study can be modified if the missed
appointments and cancellations are considered separately.

9. Conclusion

The study designed five models that can predict missed appointments of patients in a clinic with high
accuracy. Different performance measures such as Accuracy, Specificity, Precision, Recall, F-measure;
Receiver Operating Characteristic Curve and Precision-Recall curve are used to evaluate the performance
of different models. The performance measures of different models are compared and evaluated. The
study used categorized variables gender, mapped age, appointment type, previous no-shows, number of
previous no-shows, appointment weekday, waiting interval days, scholarship, hypertension, diabetes,
alcoholism, handicap and SMS received. The study used a new categorical appointment variable number
of previous no-shows as a predictor in the study. In addition, the study used Precision-Recall curve and
average precision for performance analysis. Also, the predictive models’ high-performance metric
demonstrates the significance of the variables for prediction applied in this research. It is evident from the
study that Gradient Boosting is showing high values for all performance measures employed. The
practical application of predictive models will undoubtedly aid in the development of a more targeted
scheduling system for healthcare institutions, particularly outpatient clinics. The study's findings assist
medical practitioners and clinics in predicting appointment no-shows, which is crucial to clinic efficiency.
Clinics can adopt strategies like overbooking, adoption of variable service timings and allowing random
walk-ins based on the predictions obtained from the models (Molfenter, 2013). Further research can be
done to implement methods to reduce the class imbalance problem. Also, cross validations and feature
selections can be performed to understand the significance of the variables used for prediction. Again,
there is scope for further research if new variables are derived from the existing variables. Next plan of
the researchers is to develop an efficient scheduling system for the outpatient clinic of a hospital,
incorporating the predictive models.
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