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INTRODUCTION

Tongue entrapment in a bottle is a rare 
phenomenon in the scientific literature .1. It 
is a very uncommon childhood mishap that 
can lead to tongue edema and associated 
vascular complications. Threatened airway is 
the most dreaded complication of tongue 
entrapment. The management of this emer-
gency includes airway safety and an innovati-
ve approach to safely release the tongue form 
the compressing site without exacerbating or 
injuring the patient. 2 We report a case of a 
young boy, who presented to the Pediatric 
emergency department with history of 
tongue entrapment in a plastic bottle.

CASE REPORT

An 8 years old boy, student of class II with no 
known co-morbid who was received in Pedi-
atric Emergency Department with history of 
entrapment of tongue in a plastic bottle, 
while playing with it one hour back at school. 
Parents initially took him to a local hospital 
where plastic bottle was cut from the center 
to visualize the tongue and an attempt was 
made to remove the bottle, but that resulted 
in little bleeding from patient’s tongue 
without any success of removal of the bottle, 
therefore he was referred to our Pediatric 
Emergency Department. On arrival in Emer-
gency department child was anxious, in 
discomfort as the plastic bottle was encasing 
the anterior part of his tongue, well oriented, 
sitting with his mother. Child’s mouth was 
open with tongue protruding outside and 
bottle opening was encasing the middle third 
of the tongue which was not visible and ante-

rior part of the tongue was swollen/edema-
tous, pale with drooling of saliva and no 
active bleeding.

At the time of arrival to the Emergency 
Department, child was vitally stable. Syste-
mic examination was unremarkable. Imme-
diately, an emergency response was genera-
ted, although airway was secure, preparati-
ons were made for possible emergency 
tracheostomy or naso-tracheal intubation as 
ENT team and Anesthesia teams were taken 
on board. Child was provided supportive 
oxygen via nasal prong. As plastic bottle was 
already cut from the center, when we recei-
ved the boy in our Emergency Department, it 
was easy for us to visualize the tongue and 
take the necessary steps. Xylocaine gel was 
applied to the anterior third of the tongue 
and then, by twisting method after 15 minu-

tes the plastic bottle was removed (Fig 1). After removal of 
the bottle, it was noticed that tongue had swelling and 
little bleeding from the anterolateral side. Normal saline 
was used to irrigate the edematous tongue. Bleeding was 
stopped by application of pressure with sterilized gauze. 
Intra venous analgesics and dexamethasone was adminis-
tered. Child was kept under observation as there was 
tongue edema, however, intubation was not required and 
during the stay in the Emergency Department. Family 
was counselled that tongue swelling will subside in a few 
days and danger signs were explained such as recurrence 
of bleeding, difficulty in breathing, in which case the child 
should be brought back to the Pediatric Emergency 
department. Patient was discharged on analgesics, antibi-
otic and local application of xylocaine gel. Follow up in 
Emergency clinic was given after 48 hours. After 48 
hours, patient had regained normal tongue motion, 
edema had settled, there was minimal pain on eating.

DICUSSION

Tongue entrapment is a rare cause of injury to the tongue. 
To date, some cases have been reported previously in the 
literature.1-10 To the best of our knowledge, only few cases 
have been reported of tongue entrapment in a plastic 
bottle. Anterior third part of the tongue is the most affec-
ted part of the tongue that is commonly injured.3 Various 
methods have been applied for the removal of the bottle, 
and relieving the pressure effects on the tongue. 1-6 But in 
most of the cases, it was seen that application of lubricant 
and traction only led to unsuccessful attempts of remo-
val.4-5,9 This was possibly because in our patient, the bottle 
was made of plastic, where as in most of the cases, tongue 
entrapment was mainly in a bottle with a metal body.4-5 In 
one case report the bottle had a brass ring at its mouth for 
which procedural sedation was required and ring cutters 
and retractors were used.7 It was also noted that this 
accidental injury was mainly in children from school 
going ages 7 to 10 years 5, similarly the age of our patient 
was 8 years. Chad W et al. and Vinay T. Fernandes et al. 
reports that possible cause of this accidental trauma 
could be mainly because the child would be trying to 
drink the last drop, as a result putting his/her tongue 
inside the bottle and sucking out air, which in turn creates 
a vacuum.5,9 Otolaryngologist should always be present to 
assess the airway of the patient, as tongue edema, pain or 
oral secretion could easily compromise the airway and 
emergency tracheostomy could be required.5 In our case, 
the child presented early to the ED and he was immedia-
tely assessed and management was started, the use of 
general anesthesia was avoided, in contrast to operating 
room settings, as discussed by Chad W et al. 5 As the 
plastic bottle was already cut from the proximal half, as 
demonstrated in Fig 1 the anterior third of the tongue was 
visualized. Operating room should always be ready in 
case of worsening of symptoms especially if there is a high 

suspicion of airway compromise. Although, in our 
patient, only the use of lubricant and twisting and traction 
forces was enough for the removal of the bottle and fortu-
nately it took us minimum time to achieve the desired 
management, it is mentioned in different case reports 
that additional services were required, such as the use of 
a catheter, drilling of holes in the bottle to overcome the 
negative pressure. 3,4,5 Different cutting tools/drills were 
also used in some cases.4,5,9 In such situations, prompt 
treatment is important because management delay could 
exacerbate patients’ symptoms and cause extreme 
distress. Also, the sooner the patient comes to you, the 
better, as it prevents complications such as lingual ische-
mia as reported.2 While close monitoring might not be 
required once the patient is discharged home, as reported 

in other cases.3,5,9, family should be counselled regarding 
signs of distress in the child, and the need to visit Emer-
gency Department immediately in such circumstances. 
Once the bottle is removed, edema might persist and the 
child may not regain full motion of the tongue for some 
time, in some cases for about a week.6,10

CONCLUSİON

It is essential that, the Emergency Department should 
have the appropriate resources and equipment available 
to deal with such rare presentations. Urgent consult 
should be given to Otolaryngologist/anesthesiologist and 
close observation should be done if compromised airway 
is suspected. Adequate analgesia should be provided in 
the Emergency Department and the use of steroid should 
be considered as it helps to alleviate the pain and edema. 
Finally, we recommend that parents purchase a 
wide-mouthed bottle for their children to avoid such 
accidents.
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INTRODUCTION

Attention deficit hyperactivity disorder 
(ADHD) is characterized by pervasive and 
impairing symptoms of inattention, hyperac-
tivity, and impulsivity.1 ADHD is the most 
common psychiatric disorder of childhood 
(3% to 5% of children) with continued 
morbidity into adolescence and adulthood 
(50% to 70% of adults). Studies have shown 
that      ADHD has a strong familial tendency. 
ADHD can cause a significant deficit in 
academic, social, and emotional functioning. 
Problems at school are a key feature of  
ADHD, often bringing the child with ADHD 
to clinical attention. It is important to estab-
lish the nature, severity, and persistence of 
school difficulties in children with ADHD.2 
Although ADHD in childhood was recog-
nized in Diagnostic and Statistical Manual of 
Mental Disorders II (DSM-II) as hyperkinet-
ic reaction of childhood almost 50 years ago,      
DSM-V only now has described the signs and 
symptoms of ADHD in adulthood.3 

There is no definitive diagnostic test for 
ADHD, thus a comprehensive analysis 
should be made in multiple settings such as 

home, school, or at work by a healthcare 
professional. A wide array of rating scales, 
tests, and measures have been developed to 
aid in a systematic standardized assessment 
of various deficits associated with ADHD.4

The application of machine learning in 
predicting ADHD in school will help physi-
cians in future to channelize appropriate 
treatment. In this study we will apply 
machine learning to predict ADHD 
incidence.

METHODOLOGY 

Study Design

We employed a cross-sectional survey      with 
non-probability convenient sampling 
technique conducted at two schools in Islam-
abad, Pakistan. The study included 500 
children from grades 1-5. The questionnaire, 
in the Urdu language, was completed by 
parents based on their      assessment of their 
child’s behavior. 

Interpretation of ADHD Questionnaire
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The purpose of this study was to use machine 
learning algorithms to predict the probability of 
a child to have a certain      attention      de�cit 
hyperactive      disorder (ADHD) score under a 
given set of conditions.
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This was a cross-sectional survey which 
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abad, Pakistan. Using the latest version of 
Konstanz Information Miner (KNIME) Analytics, 
several machine learning algorithms were 
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RESULTS

The area under the curve (AUC) for classi�cation 

tree was 60.8% with a precision of 75.6% for the 
prediction of an ADHD score of 20 or more and 
the probability of 21.3% for a child to have an 
ADHD score of 20 or more. Important variables 
associated with a higher ADHD score included 
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class of child.
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The ADHD test and attention deficit disorder (ADD) test 
is based solely on behavior observations.2 More than 20 
checked items on this ADHD and ADD test indicate a 
strong tendency towards ADD or ADHD.

DATA ANALYSIS

Machine learning algorithms were used to generate a 
prediction chain for predicting the probability of a child 
to have ADHD score of 20 or more. Using the Konstanz 
Information Miner (KNIME) Analytics Version 3.5 and R 
version 3.5.1, several machine learning algorithms 
including classification tree, random forest, naive Bayes, 
and support vector machines were tested. 

Explanatory variables like fathers profession in terms of 
either desk job and clerical job or skilled/general 
non-skilled labor/businessman/self-employed [Figure 1], 
school, class of the child and parent’s interpersonal 
relationship were used as features for the final models. 
We included all the variables with at least 50% data avail-
ability which was the case for all explanatory variables. 
The outcome variable was whether a child scores more 
than 20 on an ADHD test or not. After complete data 
collection, data were divided into two subsets; training 
dataset (80 % of data) and the test dataset (20% of data). 
Next, using the training dataset, several machine learning 
prediction models were generated. The classification 
algorithms used included classification tree, random 
forest, naive Bayes, and support vector machines. This 
list of final candidate models was selected after a trial run 
on a minority data in the beginning which also included 
logistic regression. It was not found to be least accurate so 
was dropped out from the final list of candidate models. 
Once the models were generated, they were tested for 
accuracy on the remaining 20% of the dataset (test data-
set) using 10 fold cross-validation.The model with predic-
tions generating the highest area under curve was select-
ed as better performing than the others.

RESULTS 

Of the 500 children included in the survey, 290 were 
boys, 87 (17.4%) were in grade three, 190 (38.0%) were in 
grade four and 223 (44.6%) were in grade five. A majority 
(494/500) was between 8-10 years of age. There were 120 
children who scored 20-29 while 17 had a score higher 
than 30. Thus, 24% students showed a strong tendency 
towards ADHD.  More boys 81 (27.9%) scored 20 or 
greater than girls 39 (18.5%). Of the 500 children, 286 
had fathers working as professionals and 385 children 
had stay-home mothers.

There was a significant relationship between the father’s 
occupation and the child’s score (p=0.032). There were 
286 children in whom the fathers. Among them 232 
(81.1%) had a score of (0-19), 48 (16.7%) scored (20-29) 
and 6 (2%) had a score of 30 and higher. There were 10 
fathers who were skilled laborers, 5 (50%) among them 

scored (0-19) and 5 (50%) scored (20-29). None among 
the group skilled laborers scored 30 or above. Children in 
whom the paternal occupation was general labor there 
were 5 in total. Among this group 3 (60%) scored (0-19), 
2 (40%) scored (20-29) and none scored 30 or above. 
There were 72 children in families where paternal occu-
pation was a business. Among them 49 (68.1%) had a 
score of (0-19), 19 (26.3%) had a score of (20-29), and 4 
(5.5%) scored 30 or above. In the group where the father’s 
occupation was clerical, there were a total of 12 children. 
Among them 10 (83.3%) had a score of (0-19) and 2 
(16.6%) scored (20-29) and none scored 30 or above. 
There were a total of 78 students whose fathers were 
self-employed. In these children 53 (67.9%) scored 
(0-19), 20 (25.6%) scored (20-29) and 5 students (6.4%) 
scored 30 or above [Figure 1]. About 385/500 parents 
had commented good inter-parental relationship ADHD 
was suspected in 91 (23.6%) while 115/500 had bad 
inter-parental relationship ADHD was suspected in 29 
students (25.2%) [Table 1]. 

To explain further, the top performing model for predict-
ing whether a child has an ADHD score greater than 20 
was the one that used classification tree algorithm [Table 
2]. 

Using this, we were able to predict with a precision of 75% 
and it gave an area under curve (AUC) of 60.8 %. This is 
reflected in the confusion matrix table [Table 3]. 

This means that 75 out of 100 times, this model has the 
ability to correctly identify children with high ADHD 
scores. A classification tree was graphically generated 
(Figure 1) which demonstrated an overall probability of 
21.3% for a child to have an ADHD score of 20 or more. 

The next most important variables came out to be father’s 
profession, school of the child and the class of child. The 
highest probability (31.4%) of a higher ADHD score was 
seen in children of class 3 or 5 who had working parents. 
Indeed, with more research and understanding of more 
explanatory variables, this precision power can be further 
enhanced using the modern machine learning 
techniques. 

DISCUSSION

We found that the classification tree algorithm was the 
most accurate with an area under curve (AUC) of 60.8% 
and a precision of 75.6% for the prediction of an ADHD 
score of 20 or more.

To the best of our knowledge there haven’t been previous 
studies which employed machine learning algorithms to 
generate a predictive model for children with ADHD in 
our region. This study will lead to other future surveys in 
employing new machine learning approaches for a more 
robust predictive model taking into account more 
variables in school going children having ADHD. 

LIMITATIONS

The study failed to address further psychological testing 
and psychiatric treatment for the screened children due 
to limited resources. Self- reporting bias is another factor 

to be taken in account while generalizing the results. 
Localization bias where the study was confined to single 
institution should also be taken into account. The moth-
er’s survey responses were not addressed as they spend 
time with their children can also skew the dataset results. 
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children from grades 1-5. The questionnaire, 
in the Urdu language, was completed by 
parents based on their      assessment of their 
child’s behavior. 

Interpretation of ADHD Questionnaire

The ADHD test and attention deficit disorder (ADD) test 
is based solely on behavior observations.2 More than 20 
checked items on this ADHD and ADD test indicate a 
strong tendency towards ADD or ADHD.
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Machine learning algorithms were used to generate a 
prediction chain for predicting the probability of a child 
to have ADHD score of 20 or more. Using the Konstanz 
Information Miner (KNIME) Analytics Version 3.5 and R 
version 3.5.1, several machine learning algorithms 
including classification tree, random forest, naive Bayes, 
and support vector machines were tested. 
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relationship were used as features for the final models. 
We included all the variables with at least 50% data avail-
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than 20 on an ADHD test or not. After complete data 
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tions generating the highest area under curve was select-
ed as better performing than the others.
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grade four and 223 (44.6%) were in grade five. A majority 
(494/500) was between 8-10 years of age. There were 120 
children who scored 20-29 while 17 had a score higher 
than 30. Thus, 24% students showed a strong tendency 
towards ADHD.  More boys 81 (27.9%) scored 20 or 
greater than girls 39 (18.5%). Of the 500 children, 286 
had fathers working as professionals and 385 children 
had stay-home mothers.

There was a significant relationship between the father’s 
occupation and the child’s score (p=0.032). There were 
286 children in whom the fathers. Among them 232 
(81.1%) had a score of (0-19), 48 (16.7%) scored (20-29) 
and 6 (2%) had a score of 30 and higher. There were 10 
fathers who were skilled laborers, 5 (50%) among them 

scored (0-19) and 5 (50%) scored (20-29). None among 
the group skilled laborers scored 30 or above. Children in 
whom the paternal occupation was general labor there 
were 5 in total. Among this group 3 (60%) scored (0-19), 
2 (40%) scored (20-29) and none scored 30 or above. 
There were 72 children in families where paternal occu-
pation was a business. Among them 49 (68.1%) had a 
score of (0-19), 19 (26.3%) had a score of (20-29), and 4 
(5.5%) scored 30 or above. In the group where the father’s 
occupation was clerical, there were a total of 12 children. 
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There were a total of 78 students whose fathers were 
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had commented good inter-parental relationship ADHD 
was suspected in 91 (23.6%) while 115/500 had bad 
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students (25.2%) [Table 1]. 

To explain further, the top performing model for predict-
ing whether a child has an ADHD score greater than 20 
was the one that used classification tree algorithm [Table 
2]. 

 

Characteristics Scores 

<19 20-29 >=30 

Father's 

Occupation 

Professional 232 48 6 

Skilled 

Labor 
5 5 0 

General 

Labor 
3 2 0 

Business 49 19 4 

Clerical 10 2 0 
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Employed 
53 20 5 

Other 28 7 2 

Subtotal 380 103 17 
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strong tendency towards ADD or ADHD.

DATA ANALYSIS

Machine learning algorithms were used to generate a 
prediction chain for predicting the probability of a child 
to have ADHD score of 20 or more. Using the Konstanz 
Information Miner (KNIME) Analytics Version 3.5 and R 
version 3.5.1, several machine learning algorithms 
including classification tree, random forest, naive Bayes, 
and support vector machines were tested. 

Explanatory variables like fathers profession in terms of 
either desk job and clerical job or skilled/general 
non-skilled labor/businessman/self-employed [Figure 1], 
school, class of the child and parent’s interpersonal 
relationship were used as features for the final models. 
We included all the variables with at least 50% data avail-
ability which was the case for all explanatory variables. 
The outcome variable was whether a child scores more 
than 20 on an ADHD test or not. After complete data 
collection, data were divided into two subsets; training 
dataset (80 % of data) and the test dataset (20% of data). 
Next, using the training dataset, several machine learning 
prediction models were generated. The classification 
algorithms used included classification tree, random 
forest, naive Bayes, and support vector machines. This 
list of final candidate models was selected after a trial run 
on a minority data in the beginning which also included 
logistic regression. It was not found to be least accurate so 
was dropped out from the final list of candidate models. 
Once the models were generated, they were tested for 
accuracy on the remaining 20% of the dataset (test data-
set) using 10 fold cross-validation.The model with predic-
tions generating the highest area under curve was select-
ed as better performing than the others.

RESULTS 

Of the 500 children included in the survey, 290 were 
boys, 87 (17.4%) were in grade three, 190 (38.0%) were in 
grade four and 223 (44.6%) were in grade five. A majority 
(494/500) was between 8-10 years of age. There were 120 
children who scored 20-29 while 17 had a score higher 
than 30. Thus, 24% students showed a strong tendency 
towards ADHD.  More boys 81 (27.9%) scored 20 or 
greater than girls 39 (18.5%). Of the 500 children, 286 
had fathers working as professionals and 385 children 
had stay-home mothers.

There was a significant relationship between the father’s 
occupation and the child’s score (p=0.032). There were 
286 children in whom the fathers. Among them 232 
(81.1%) had a score of (0-19), 48 (16.7%) scored (20-29) 
and 6 (2%) had a score of 30 and higher. There were 10 
fathers who were skilled laborers, 5 (50%) among them 

scored (0-19) and 5 (50%) scored (20-29). None among 
the group skilled laborers scored 30 or above. Children in 
whom the paternal occupation was general labor there 
were 5 in total. Among this group 3 (60%) scored (0-19), 
2 (40%) scored (20-29) and none scored 30 or above. 
There were 72 children in families where paternal occu-
pation was a business. Among them 49 (68.1%) had a 
score of (0-19), 19 (26.3%) had a score of (20-29), and 4 
(5.5%) scored 30 or above. In the group where the father’s 
occupation was clerical, there were a total of 12 children. 
Among them 10 (83.3%) had a score of (0-19) and 2 
(16.6%) scored (20-29) and none scored 30 or above. 
There were a total of 78 students whose fathers were 
self-employed. In these children 53 (67.9%) scored 
(0-19), 20 (25.6%) scored (20-29) and 5 students (6.4%) 
scored 30 or above [Figure 1]. About 385/500 parents 
had commented good inter-parental relationship ADHD 
was suspected in 91 (23.6%) while 115/500 had bad 
inter-parental relationship ADHD was suspected in 29 
students (25.2%) [Table 1]. 

To explain further, the top performing model for predict-
ing whether a child has an ADHD score greater than 20 
was the one that used classification tree algorithm [Table 
2]. 

Mother's 

Occupation 

House wife 298 76 11 

Professional 68 22 5 

Skilled 

Labor 
4 2 0 

General 

Labor 
2 2 1 

Clerical 3 0 0 

Business 1 1 0 

Self 

Employed 
3 0 0 

Other 1 0 0 

Subtotal 380 103 17 

Parent's inter-

relation 

Good 294 77 14 

Bad 0 0 0 

Separated 0 0 0 

No 

comments 
86 26 3 

Subtotal 380 103 17 

Method Used 
Training Data Set Testing Data Set 

AUC Precision Recall AUC Precision Recall 

Classification 

Tree 
0.63 0.81 0.82 0.60 0.75 0.76 

Naive Bayes 0.54 0.75 0.79 0.53 0.70 0.75 

Random Forest 

Classification 
0.62 0.83 0.83 0.59 0.80 0.80 

Support Vector 

Machine (SVM) 
0.55 0.85 0.81 0.48 0.82 0.80 

Using this, we were able to predict with a precision of 75% 
and it gave an area under curve (AUC) of 60.8 %. This is 
reflected in the confusion matrix table [Table 3]. 

Table 1: Scores of the children calculated on the ADHD Test 
against parental characteristics

Figure 1:  Classification tree model showing the most important predictors 
for an ADHD score of 20 or more

Table 2: Algorithms used for predicting a child’s ADHD 
score to be more than 20

Predicted ADHD Score 

0-19 20-29 >=30 

Actual 

ADHD Score 

0-19 38 2 0 

20-29 5 2 15 

>=30 3 0 0 

Table 3: Confusion Matrix of the test population (from the 
classification tree model) showing cross tabulation between the 
actual and predicted values of prediction of children having an 

ADHD score of 20 or above

This means that 75 out of 100 times, this model has the 
ability to correctly identify children with high ADHD 
scores.  A classification tree was graphically generated 
(Figure 1) which demonstrated an overall probability of 
21.3% for a child to have an ADHD score of 20 or more. 

The next most important variables came out to be father’s 
profession, school of the child and the class of child. The 
highest probability (31.4%) of a higher ADHD score was 
seen in children of class 3 or 5 who had working parents. 
Indeed, with more research and understanding of more 
explanatory variables, this precision power can be further 
enhanced using the modern machine learning 
techniques. 

DISCUSSION

We found that the classification tree algorithm was the 
most accurate with an area under curve (AUC) of 60.8% 
and a precision of 75.6% for the prediction of an ADHD 
score of 20 or more.

To the best of our knowledge there haven’t been previous 
studies which employed machine learning algorithms to 
generate a predictive model for children with ADHD in 
our region. This study will lead to other future surveys in 
employing new machine learning approaches for a more 
robust predictive model taking into account more 
variables in school going children having ADHD. 

LIMITATIONS

The study failed to address further psychological testing 
and psychiatric treatment for the screened children due 
to limited resources. Self- reporting bias is another factor 

to be taken in account while generalizing the results. 
Localization bias where the study was confined to single 
institution should also be taken into account. The moth-
er’s survey responses were not addressed as they spend 
time with their children can also skew the dataset results. 
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INTRODUCTION

As the global healthcare systems struggle 
with increasing COVID-19-related patient 
volumes, various studies and reports are 
highlighting a surprisingly unexpected trend, 
i.e. a significant drop of 18-68% in t h e  
total number of patients presenting to t h e  
Emergency Department for urgent

Care.(1, 2) Apart from the reduction in the 
number of Emergency Department visits, 

total number of patients presenting with 
trauma(3) acute myocardial infarction(4, 5), and 
stroke(6, 7) are also being reported to have 
markedly reduced during the pandemic.

Pakistan reported its first case of COVID-19 
on February 26th, 2020,(8) and as the number 
of cases in Pakistan continued to increase, 
our Emergency department at Shifa Interna-
tional hospital in the capital city also experi-

enced a decrease in the number of emergency attendances 
for non- COVID acute conditions. Are the patients avoid-
ing emergency department visits and postponing neces-
sary urgent care because of the fear of getting infected? Or 
is this trend highlighting the overuse of emergency 
services by minor non-urgent cases that can be easily 
managed in outpatient clinics?

This study aims to evaluate the impact of the coronavirus 
pandemic on Emergency Department visit volumes in a 
tertiary-care setup. The observations made may be 
utilized to prepare for, and advice on, future Emergency 
Department routine practices as well as during subse-
quent surges locally.

METHODOLOGY
This retrospective, observational study was conducted at 
Shifa International Hospital, Islamabad. All patients 
presenting to Shifa Emergency Department during the 
3-month study period from 1st March to 31st May 2020 
were included in the study with consecutive non-proba-
bility sampling, and the data obtained were compared 
with analogous data during the previous year 2019. The 
study was approved by the IRB ethical committee. The 
data was collected using electronic medical records. The 
patient’s age, gender, diagnosis, triage priority level, and 
outcome were recorded. A continuous variable like age 
was presented as mean with standard deviation. Pearson 
chi-square test was used to compare the categorical 
variables and the results were shown in tables. The overall 
reduction in Emergency Department visits was calculated 
and the results are shown in absolute numbers as well as 
percentages. Statistical analysis was done using SPSS 26.

RESULTS

Total 6643 patients visited the Emergency Department 
during the 3-month study period in the year 2020 as 
compared to 9982 during the year 2019, a 40% reduction. 
The mean age of patients was 40.16 in 2019 and 43.33 in 
2020 with a standard deviation of 25.17 and 24.13 respec-
tively. No statistically significant difference was noted in 
the mean age of patients (P = 0.392). A lower proportion 
of women visited the emergency department in 2020 
(44.3%) compared with 2019 (46.9%) (P < 0.001).

Comparing the priority level, P1, and P5 visits increased 
in 2020 during the 3-month study period, whereas P2, 
P3, and P4 visits were reduced (Table 1).

Emergency Department visits according to diagnosis at 
disposition were also compared between the two groups. 
Changes in Emergency Department utilization for 
common conditions like Acute febrile illness, Gastro-
enteritis, ESRD complications, Trauma, CVA, Acute coro-
nary syndrome, acute abdomen, Renal colic, sepsis, GI 
bleed, and hyperglycemia were compared between the 
two years and presented in table 2. Despite an overall 

reduction in total visits for all conditions, the overall 
percentage of patients with ACS, Stroke, renal colic, acute 
abdomen, and febrile illness was notably increased in 
2020 during the study period. 

Discharge disposition was also compared between the two 
groups (Fig 1). Despite overall reduction in absolute num-
bers, the percentage of hospitalizations increased to 32.7 
% (of all Emergency Department visits) in 2020 as 
compared to 28.6% in 2019 (p-value <0.05). The total 
number of patients who expired or were referred to other 
hospitals increased despite overall reduction in total 
Emergency Department visits. An overall increased 
mortality rate in the Emergency Department was noted in 
the year 2020 1.1% vs. 0.6% in 2019 (p-value <0.05). 
Notably, the number of patients presenting for minor 
procedures, for example, IV injection minor dressing, 
stitch removal, etc. (categorized as ‘other unspecified’) 
reduced significantly in the year 2020 (9.4 vs. 3.1) (p-val-
ue <0.05).

DISCUSSION

Reduced usage of emergency departments during the 
initial period of Coronavirus (COVID19) pandemic has 
been noted in other healthcare settings as well with stud-
ies demonstrating 18-68% overall reduction(1), similarly 
our study also demonstrated around 40% reduction in 
Emergency Department volumes. As demonstrated in 
other studies, reduced Emergency Department volumes 
can be attributed to various causes including the fear(9) of 
contracting the novel coronavirus, causing a delay in 
seeking care for serious conditions, potentially leading to 
worse prognosis and even death, and this has been 
observed in our study as well with the increase in overall 
mortality. Another factor to consider is the lockdown 

effect reducing the traffic and workplace accidents,(3) as 
also reflected in our study by reduced trauma visits. 
Partly, this reduced number of Emergency Department 
visits could also be attributed to reduced access by 
patients with chronic and non-urgent problems who have 
likely avoided visiting the Emergency Department out of 
fear of contagion.(9) The theoretical effect of reduced phys-
ical activity and reduced environmental pollution has also 
likely played a role in the overall reduction in visits for 
cardiovascular events.(2)

Limitations of our study include its retrospective nature 
and the lack of differentiation between COVID-related 
and other routine Emergency Department visits. Further-
more, the observational design of this study does not 
allow us to draw inferences about the reasons for 
decreased visits of patients in the Emergency Department 
for emergency conditions. Prospective population-based 
studies are warranted to further evaluate the effect of fear 
or other elements during the future wave in case it occurs. 
A better understanding of this could help reduce adverse 
outcomes resulting from delays in seeking emergency 
care.

CONCLUSION

In our study, Emergency Department visits were signifi-
cantly lowered during the early part of the current Coro-
navirus pandemic. This finding likely represents an intri-
cate interplay between various factors including fear of 
contacting the novel Coronavirus and the effects of 
lockdown measures. Reduced social contact and 
measures to improve sanitization have also likely contrib-
uted considerably in reducing infectious disease related 
visits. The potential risk in this situation is that people are 
delaying urgent care and are dying at home. This could 
result in a sudden spurt of complicated cases with late 
presentations, ultimately overwhelming the healthcare 
institutions in the post-pandemic times.

Public health authorities and Emergency physicians 
should assure the public about the safety of healthcare 
settings for patients with acute conditions requiring 
urgent care to limit the potential adverse outcome arising 
from this fear and also prepare the Emergency Depart-
ment units for the possible future influx of serious 
patients after the pandemic abates.
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INTRODUCTION

Attention deficit hyperactivity disorder 
(ADHD) is characterized by pervasive and 
impairing symptoms of inattention, hyperac-
tivity, and impulsivity.1 ADHD is the most 
common psychiatric disorder of childhood 
(3% to 5% of children) with continued 
morbidity into adolescence and adulthood 
(50% to 70% of adults). Studies have shown 
that ADHD has a strong familial tendency. 
ADHD can cause a significant deficit in 
academic, social, and emotional functioning. 
Problems at school are a key feature of 
ADHD, often bringing the child with ADHD 
to clinical attention. It is important to estab-
lish the nature, severity, and persistence of 
school difficulties in children with ADHD.2

Although ADHD in childhood was recog-
nized in Diagnostic and Statistical Manual of 
Mental Disorders II (DSM-II) as hyperkinet-
ic reaction of childhood almost 50 years ago,      
DSM-V only now has described the signs and 
symptoms of ADHD in adulthood.3

There is no definitive diagnostic test for 
ADHD, thus a comprehensive analysis 
should be made in multiple settings such as 

home, school, or at work by a healthcare 
professional. A wide array of rating scales, 
tests, and measures have been developed to 
aid in a systematic standardized assessment 
of various deficits associated with ADHD.4

The application of machine learning in 
predicting ADHD in school will help physi-
cians in future to channelize appropriate 
treatment. In this study we will apply 
machine learning to predict ADHD 
incidence.

METHODOLOGY 

Study Design

We employed a cross-sectional survey      with 
non-probability convenient sampling 
technique conducted at two schools in Islam-
abad, Pakistan. The study included 500 
children from grades 1-5. The questionnaire, 
in the Urdu language, was completed by 
parents based on their      assessment of their 
child’s behavior. 

Interpretation of ADHD Questionnaire

The ADHD test and attention deficit disorder (ADD) test 
is based solely on behavior observations.2 More than 20 
checked items on this ADHD and ADD test indicate a 
strong tendency towards ADD or ADHD.

DATA ANALYSIS

Machine learning algorithms were used to generate a 
prediction chain for predicting the probability of a child 
to have ADHD score of 20 or more. Using the Konstanz 
Information Miner (KNIME) Analytics Version 3.5 and R 
version 3.5.1, several machine learning algorithms 
including classification tree, random forest, naive Bayes, 
and support vector machines were tested. 

Explanatory variables like fathers profession in terms of 
either desk job and clerical job or skilled/general 
non-skilled labor/businessman/self-employed [Figure 1], 
school, class of the child and parent’s interpersonal 
relationship were used as features for the final models. 
We included all the variables with at least 50% data avail-
ability which was the case for all explanatory variables. 
The outcome variable was whether a child scores more 
than 20 on an ADHD test or not. After complete data 
collection, data were divided into two subsets; training 
dataset (80 % of data) and the test dataset (20% of data). 
Next, using the training dataset, several machine learning 
prediction models were generated. The classification 
algorithms used included classification tree, random 
forest, naive Bayes, and support vector machines. This 
list of final candidate models was selected after a trial run 
on a minority data in the beginning which also included 
logistic regression. It was not found to be least accurate so 
was dropped out from the final list of candidate models. 
Once the models were generated, they were tested for 
accuracy on the remaining 20% of the dataset (test data-
set) using 10 fold cross-validation.The model with predic-
tions generating the highest area under curve was select-
ed as better performing than the others.

RESULTS 

Of the 500 children included in the survey, 290 were 
boys, 87 (17.4%) were in grade three, 190 (38.0%) were in 
grade four and 223 (44.6%) were in grade five. A majority 
(494/500) was between 8-10 years of age. There were 120 
children who scored 20-29 while 17 had a score higher 
than 30. Thus, 24% students showed a strong tendency 
towards ADHD.  More boys 81 (27.9%) scored 20 or 
greater than girls 39 (18.5%). Of the 500 children, 286 
had fathers working as professionals and 385 children 
had stay-home mothers.

There was a significant relationship between the father’s 
occupation and the child’s score (p=0.032). There were 
286 children in whom the fathers. Among them 232 
(81.1%) had a score of (0-19), 48 (16.7%) scored (20-29) 
and 6 (2%) had a score of 30 and higher. There were 10 
fathers who were skilled laborers, 5 (50%) among them 

scored (0-19) and 5 (50%) scored (20-29). None among 
the group skilled laborers scored 30 or above. Children in 
whom the paternal occupation was general labor there 
were 5 in total. Among this group 3 (60%) scored (0-19), 
2 (40%) scored (20-29) and none scored 30 or above. 
There were 72 children in families where paternal occu-
pation was a business. Among them 49 (68.1%) had a 
score of (0-19), 19 (26.3%) had a score of (20-29), and 4 
(5.5%) scored 30 or above. In the group where the father’s 
occupation was clerical, there were a total of 12 children. 
Among them 10 (83.3%) had a score of (0-19) and 2 
(16.6%) scored (20-29) and none scored 30 or above. 
There were a total of 78 students whose fathers were 
self-employed. In these children 53 (67.9%) scored 
(0-19), 20 (25.6%) scored (20-29) and 5 students (6.4%) 
scored 30 or above [Figure 1]. About 385/500 parents 
had commented good inter-parental relationship ADHD 
was suspected in 91 (23.6%) while 115/500 had bad 
inter-parental relationship ADHD was suspected in 29 
students (25.2%) [Table 1]. 

To explain further, the top performing model for predict-
ing whether a child has an ADHD score greater than 20 
was the one that used classification tree algorithm [Table 
2]. 

Using this, we were able to predict with a precision of 75% 
and it gave an area under curve (AUC) of 60.8 %. This is 
reflected in the confusion matrix table [Table 3]. 

This means that 75 out of 100 times, this model has the 
ability to correctly identify children with high ADHD 
scores. A classification tree was graphically generated 
(Figure 1) which demonstrated an overall probability of 
21.3% for a child to have an ADHD score of 20 or more. 

The next most important variables came out to be father’s 
profession, school of the child and the class of child. The 
highest probability (31.4%) of a higher ADHD score was 
seen in children of class 3 or 5 who had working parents. 
Indeed, with more research and understanding of more 
explanatory variables, this precision power can be further 
enhanced using the modern machine learning 
techniques. 

DISCUSSION

We found that the classification tree algorithm was the 
most accurate with an area under curve (AUC) of 60.8% 
and a precision of 75.6% for the prediction of an ADHD 
score of 20 or more.

To the best of our knowledge there haven’t been previous 
studies which employed machine learning algorithms to 
generate a predictive model for children with ADHD in 
our region. This study will lead to other future surveys in 
employing new machine learning approaches for a more 
robust predictive model taking into account more 
variables in school going children having ADHD. 

LIMITATIONS

The study failed to address further psychological testing 
and psychiatric treatment for the screened children due 
to limited resources. Self- reporting bias is another factor 

to be taken in account while generalizing the results. 
Localization bias where the study was confined to single 
institution should also be taken into account. The moth-
er’s survey responses were not addressed as they spend 
time with their children can also skew the dataset results. 
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