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Abstract

The rate of Emergency Department (ED) revisits is often considered as a measure of quality of
care. The aim of this work is to develop a predictive model that identifies the risk of adult patients’
ED revisits, within 72 hours after discharge. The study data is from Hospital Beatriz Ângelo and
contemplates 511 301 patients from 2012 to 2016, with an average of 5.7% revisits. Data consists of
patient demographics, vital signs, chief main complaints, and other information available at the time
of triage. For text preprocessing, a Natural Language Processing framework is developed. For data
modelling, Logistic Regression, Support Vector Machine, Multinomial Naive Bayes, and Complement
Naive Bayes techniques are considered. During model development, 10-fold cross-validation is used
alongside a cost-sensitive learning approach and the predictive power of the model is measured by c-
statistic. Five hypotheses regarding features are made. The first hypothesis considers baseline variables,
the second hypothesis considers all numerical variables, the third hypothesis uses the chief main com-
plaints, the fourth hypothesis uses variables of the first and third hypotheses, and the fifth hypothesis
considers variables of the second and third hypotheses. The best predictive model achieves a c-statistic
of 0.842 (95% CI : 0.838 − 0.846), under the fifth hypothesis using the LR technique. The proposed
solution shows that favorable predicting performances can be achieved, indicating a promising way to
develop clinical decision support systems to predict patient ED revisits within 72 hours after discharge.
Keywords: Natural Language Processing, Machine Learning, Emergency Department, Triage, Predic-
tion, Revisits.

1. Introduction

Presently, ED services have a high demand, which
is increasing, and are subject to patient revisits to
the ED. This situation leads to overcrowding within
the ED which may increase the length of stay of
patients resulting in stressful situations. ED revis-
its is often considered as a measure of healthcare
quality which consumes medical resources and may
represent issues regarding patient safety. Since ED
revisits cause unnecessary overcrowding in the fa-
cility, and crowding within the ED results in signif-
icant negative consequences for both patients and
the healthcare facilities [1, 3, 4], being capable of
predicting ED revisits helps decreasing the rate of
ED revisits.

By predicting the risk associated with whether
a patient will visit the ED again, within 72 hours
after being discharged from the ED, clinical inter-
ventions may be taken in order to prevent revisits
since the knowledge of a patient belonging to a risk

group may guide healthcare providers to reevalu-
ate a patient status before being discharged from
the ED. This results in: Better management of the
ED resources; Overcrowding prevention; Medical
care cost reduction; Patient satisfaction regarding
the provided service; Fatigue management of the
healthcare providers (less stressed and exhausted
staff); Enhancing the quality of emergency care.

1.1. Related Work

In the literature we may find some related work
dedicated to the development of predictive models
focused on EDs. The work of [5] was focused on de-
veloping a clinical decision support system whose
objective was the identification of discriminatory
characteristics that can predict Pediatric ED revis-
its, within 72 hours after a patient being discharged.
Initially, the authors considered 96 factors. The ML
framework focused on the wrapper approach, where
feature selection was used by means of particle
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swarm optimization techniques. This was combined
with an optimization-based Discriminant Analysis
via Mixed Integer Program model (DAMIP), to
generate classification rules, based on small sub-
sets of discriminatory factors, that can be used to
predict Pediatric ED revisits. Cross-validation was
considered so that the algorithm searched trough
the subsets of discriminatory factors space. This
work resulted in a model whose predictive accuracy
is over 80%.

In [2], the authors considered 44 factors. The
ML framework focused on the wrapper approach,
where three feature selection techniques were ex-
plored: Particle swarm optimization; Tabu search;
Random search. The feature selection technique
was combined the DAMIP approach for the gen-
eration of classification rules. For comparison pur-
poses they also considered linear discriminant anal-
ysis, Naive Bayes (NB), Support Vector Machine
(SVM), Logistic Regression (LR), nearest shrunken
centroid, and neural network algorithms. Dur-
ing model training, under-sampling of the majority
class was performed. This research concluded that
from the different classification strategies only the
NB and nearest shrunken centroid were capable of
classifying some patients from the minority class.
The sensitivity, specificity, precision, and F1-Score
for the NB and nearest shrunken centroid models
were 28.7%, 86.4%, 9.9%, 14.8%, and 67.5%, 48.4%,
6.4%, 11.7%, respectively. Among the three feature
selection approaches, the one that showed better
results was the metaheuristic tabu search coupled
with the DAMIP model. From the 44 initial fea-
tures 19 were chosen as predictors. The DAMIP
model with Tabu search generated a model with
a sensitivity, specificity, precision, and F1-Score of
69.0%, 62.7%, 8.9%, 15.7%, respectively.

Similarly to the previous studies, [6] considered
about 140 factors. A pre-selection of risk factors
was performed using univariate analysis in order to
derive statistically significant factors. Afterwards,
feature selection using several filter methods was
performed to generate sets of risk factors. For
each filter method, the top 15 factors were con-
sidered from which 9 sets of selected factors were
obtained in order to obtain the 10 most important
factors. DAMIP was considered to generate clas-
sification rules and for comparison reasons LR was
used, where 10-fold cross validation was used during
model training. This study resulted in a DAMIP
model with an overall accuracy and sensitivity of
72.6% and about 40%, respectively. Regarding the
LR model the Receiver Operating Characteristic-
Area Under Curve (ROC-AUC) score was 66.0%
and several results of sensitivity and specificity were
presented, according to several cut-off probabilities.

In the work of [7], the used data came from Vet-
erans Healthcare Network Upstate New York. The
adopted modelling algorithm was the multivariate
LR and the final model was developed with stepwise
methods variables with p-values less than 0.05 to
avoid overfitting. For model validation the authors
used the split-sample method where 2

3 of the data
was used for model development and the remain-
ing for validation. The authors considered three
sets of predictors to demonstrate model predictive
power according to each considered hypothesis re-
garding independent variables. The first hypothe-
sis considered demographic and socioeconomic vari-
ables. The second hypothesis used the variables of
the first hypothesis and Prior ED utilization infor-
mation. The third hypothesis considered all vari-
ables. Model predictive power was measured using
ROC-AUC whose values for the first, second, and
third hypothesis were 0.54, 0.70, and 0.73, respec-
tively.

1.2. Objectives

The first goal of this study is to advance knowl-
edge within the healthcare area by applying ML
methods to healthcare data. This data is used in
order to develop a predictive model that identi-
fies the risk of adult patients’ ED revisits, within
72 hours after discharge, with the purpose of aid-
ing healthcare providers during risk stratification.
Given this, 5 hypotheses regarding the predictors
were made. The first hypothesis consists on using
Baseline triage variables. The second hypothesis,
All Numeric, uses the variables of the first hy-
pothesis with some additional variables. The third
hypothesis, Textual, only considers the chief main
complaint. The fourth hypothesis, Textual and
Baseline, uses variables from the first and third hy-
potheses. The final hypothesis, Textual and All
Numeric, considers variables from the second and
third hypotheses. For a full description of the vari-
ables the reader is suggested to table 1.

The second goal is to see if the chief main com-
plaint has relevant information that leads to the
indication that a patient belongs to a group-risk,
since for gaining knowledge about the causes for
a patient ED revisit, it is important that the pre-
dictive model identifies factors that are critical for
prediction.

The third goal is to find what is the best pair of
ML model to use for predicting patient ED revis-
its coupled with the best textual feature extraction
technique.
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2. Dataset Description

The original dataset contemplates 850 189 entries
of patient data, that went to the ED of Hospital
Beatriz Ângelo, collected from 2012 to 2016. In or-
der to have a clean dataset for further analysis, the
data was subject to a filtering process, as illustrated
in figure 1.

Patients that went to the Emergency
Department from 2012 to 2016 (n = 850189)

Adult cohort (n = 612093)

Excluded (n = 238096):

Patient Age < 16 years old

Considered in the present study (n = 511301)

Excluded (n = 100792):

No chief main complaint (n = 2484)
Chief main complaint field the same as the
discriminator (n = 72484)
ReTriageID specified (n = 8512)
Patients with pediatric discriminators (n = 9) 
Intersect with the previously preprocessed
numerical dataset (n = 17303)

Figure 1: Flow diagram outlining the inclusion and
exclusion criteria.

The dataset contemplates numerical data consist-
ing on vital signs, chief main compalionts, and de-
mographic information collected during triage. Re-
garding numerical data the outliers were treated
based on the vital signs ranges and the method of
missing data imputation consisted of the imputa-
tion of the mean value of the triaged population for
each variable. The variables considered are illus-
trated in table 1.

Table 1: Predictor variables and outcome used for
modelling Hospital Beatriz Ângelo ED data.

Variables Type

Baseline Age (years) Continuous

18 - 107

Vital signs
Respiratory Rate

(breaths/min)

Heart Rate (beats/min)

Temperature (◦C)

Pulse Oximetry (%)
Systolic Blood Pressure

(mmHg)
Diastolic Blood Pressure

(mmHg)

Pain Scale (PS) Categorical

0 - 10

Gender

1 (Female)

0 (Male)

Variables Type

Engineered
Variables

Missing Value in vitals Categorical

Abnormal Values in vitals

Text Chief Main Complaint Textual

Additional Manchester Triage System Categorical

1 (Emergent)

2 (Very urgent)

3 (Urgent)

4 (Standard)

5 (Non Urgent)

Arrival mode

1 (Walk-in)

2 (Ambulance)
3 (Not registered in

system)

Triage discriminators
1 - 118

Glasgow Coma Scale
3 - 15

Number of exams
0 - 3 or more

Number of missing vitals

0 - 7
Number of abnormal vital
signs

0 - 4 or more

Triage hour

0 - 23

Triage weekday

1 - 7

Triage month

1 - 12

Mean Arterial Blood
Pressure (mmHg)

Continuous

Waiting time for triage (min)

Glycemia (mg/dL)

Outcome ED Revisits Categorical

1 (Revisit)

0 (No Revisit)

3. Methodology

3.1. Data Preprocessing

In this work, focus was given to textual data pre-
processing. The textual data consists on the main
chief complaint which notes the reason the patient
was seen. This clinical note is written by health
care professionals to communicate the status of a
single patient to other health care professionals or
themselves. A few issues were detected and must
be tackled in order to improve data quality because
of the clinical notes particularities:

• The clinical notes do not have the typical
structure of a typical written text - Lack of
syntactic-semantic;

• Each clinical note is given by short sentences;

• The notes have several technical and non-
technical abbreviations. E.g. ’msd ’ meaning
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’membro superior direito’ (’right upper limb’)
and ’2af ’ meaning ’segunda-feira’ (’monday ’);

• These notes are filled with specialized technical
terms;

• Context is very important for the meaning of
a word;

• There are many numerical values with respect
to vital signs;

• Several ways of representing the same informa-
tion;

• Many misspelled words;

• An huge amount of joined words. E.g., ’textu-
aldata’.

Given the amount of noise sources, it is extremely
important to develop a NLP system capable of fil-
tering the noise so that data quality improves lead-
ing to a better data mining process. The flowchart
of the chosen sequence of preprocessing steps is de-
picted in figure 2.

Lowercase

 
Raw Text

Temporal
References

Normalization

TokenizationCorrectly
Normalized?

No Yes Correctly
Tokenized?

No

Abbreviation
Expansion

Word Correction Successfully  
Corrected?

No

Word Removal

Stemming

 
Processed

Text

Yes

Yes

Figure 2: Overview of the NLP framework used to
improve the quality of the main chief complaint data.

Preprocessing starts with lowercasing all main
chief complaints since lowercasing does not affect
the healthcare sublanguage. Following the lower-
case step comes the step of temporal references
normalization. This step consists on detecting
dates (complete or incomplete) and references of
months, weeks, days, hours, minutes and seconds.
Starting with the normalization of dates there are
some aspects to be considered:

• A date can be given by the day, month and
year;

• A date can be given by the day and month;

• A date can be given by the month and year;

• A date can have spaces between its components
and the respective delimiter. E.g., ’02 -mar-
17 ’ instead of ’02-mar-17 ’;

• The day can have a ’0 ’ before the day number
(only when the day number is given by one
digit);

• The month can be represented by either by
its month number (month numbers with only
one digit occasionaly have a ’0 ’ preceding it),
month name, or an abbreviation of month
name. E.g., ’8 ’, ’08 ’, ’august ’, ’aug ’;

• The year can be either represented by a four
digits number or a two digits number. E.g.,
’2019 ’, ’19 ’.

Given the existing variability in the representa-
tion of a simple date some assumptions were made:

• A healthcare provider always uses the same de-
limiter for the same date. E.g., ’14-5-2017 ’,
’14/5/2017 ’. ’14.5.2017 ’;

• A healthcare provider may change the type
of delimiter during the typing process. E.g.,
’patient operated on clavicle on 12-3-2015 and
refers removing tonsils on 4.7.17 ’;

• The format of the date is given by the following
format: dd/mm/yyyy (the ’/ ’ delimiter was
used just as an example);

• Only considered years from ’2000 ’ to ’2016 ’;

• Only the ’-’, ’/ ’, ’.’ characters are considered
as delimiters.

In order to successfully find date matches one re-
sorted to several Regular Expressions to be capable
off handling the variability regarding dates repre-
sentation. The normalized date structures are pre-
sented in table 2.

Table 2: Outputted normalized date format for each
normalization step.

Normalized Date
Structure

Complete Date
ddmonth nameyyyy

Incomplete Date
(Month/Year)

month nameyyyy

Incomplete Date
(Day/Month)

ddmonth name

Before dealing with time references some consid-
erations were made:
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• References to hours may be given only by its
hour or by its hour and minute;

• Hours and minutes have different types of de-
limiters;

• Hours and minutes may have spaces between
components;

• These temporal references may be expressed by
abbreviations or words with typographical er-
rors;

• These references may be depicting time inter-
vals or the exact moment of the event. E.g.,
’took the medicine at 11:00 a.m.’ and ’took the
medicine 1 hour ago’ have different meanings.

The normalization process consists on getting the
time period of the event, named as tEvent, and its
process is different depending if the information is
given by a time period or by the moment of the
event. If a time period is present in the extracted
information, ∆t, then it will be subtracted from the
moment when the main chief complaint was created,
expressed as tCreation, as depicted in Eq. (1). From
the resulting time the hour of the occurrence of the
event is extracted and one sees in which day pe-
riod it belongs to. If the moment of the event is
present in the extracted information, the hour from
the extracted information is used directly and one
gets the day period when the event occurred. The
different partitions of day periods are illustrated in
table 3.

Table 3: Partition of the day into six hours day periods.

Day Period Range of Hours

Dawn 00:00 - 05:59

Morning 06:00 - 11:59

Evening 12:00 - 17:59

Night 18:00 - 23:59

tEvent = tCreation − ∆t (1)

Sentences were tokenized using a single RE com-
posed by several alternatives. Most typographical
errors, typos from now on, can be described by
delete, transpose, replace, or insert operations of
a small number of characters. Since there are mis-
spelled and joined words some considerations were
made taking into account the previous four opera-
tions:

• A word has a maximum of one typo, for com-
putational purposes;

• The insert operation must not be considered
since there are joined words.

• The QWERTY keyboard configuration was
taken into account to reduce the number of
possible typos.

Given this, each word in the developed corpus
for this work was subject to deletion, transposition,
and replacing operations with the QWERTY key-
board constraints in order to obtain all of the unique
words correctly spelled and the ones with only one
typo.

Next, the normalization process deals with the
abbreviation expansion technique. In order to
know what were the existing abbreviations in the
data all of the vocabulary was analyzed manually
since:

• The majority of the abbreviations are very
technical. E.g., ’tce’, stands for ’trauma-
tismo cranioencefálico’ (’cranioencephalic trau-
matism’);

• Different abbreviations have the same mean-
ing. E.g., ’dro’ and ’dro’ stand for ’doutor ’
(’doctor ’);

• The same abbreviation may have different
meanings depending on its context. E.g., ’dm2 ’
can stand for ’diabetes mellitus tipo 2 ’ (’type
2 diabetes mellitus’) or ’dećımetro quadrado’
(’square decimeter ’).

In order to solve this problems extensive research
was done to understand the meaning of those ab-
breviations and the context was studied to detect
patterns in the different main chief complaints to
allow the generation of rules to overcome the am-
biguity. These rules work by analyzing the token
neighbours.

The portuguese language has some special pe-
culiarities that need some attention. It is very
common to have words with diacritical marks, e.g.
acute accent, circumflex, cedilla, among other dia-
critics. Some of the typos are due to not using this
type of marks, e.g., ’pesames’ instead of ’’pêsames’ ’
(’condolences’) which yields a Jaro-Winkler dis-
tance of djw (s1, s2) = 0.186. Given this, and in
order to enhance this technique in situations where
such typos happen, the word comparison function
also takes into account words in their ASCII en-
coding representation. The function is given by:
djw (s1, s2) = 0.5(1 − simjw (s1, s2) + 0.5(1 − simjw (s1, ASCII(s2)) .

Despite the lack of good grammar in this type of
data sometimes the healthcare provider uses link-
ers and connectors, which in the field of NLP are
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called stopwords, in a sentence. Since these stop-
words do not provide any information regarding the
patient state, they were filtered from the chief main
complaint. It was also necessary to remove words
with less than three characters due to some noise
coming from the tokenization process.

The final technique that was used to normalize
the textual data consists on stemming each word
in the vocabulary using the RLSP Stemmer.

3.2. Data Modeling

The dataset was first shuffled and then sampled
in a stratified fashion into a training set and a test-
ing set. Posteriorly, a set of pipelines were devel-
oped in order to deal with the set of predictors used
for training and to help during the hyperparameter
optimization step.

When the chief main complaint was one of the
predictors it is necessary to extract features from
the text data using either Bag of N-Grams (BoN) or
Term Frequency-Inverse Document Frequency (tf-
idf). The associated hyperparameters are the range
of N-grams, i.e. if the vectorization takes into ac-
count only unigrams, bigrams, combination of un-
igrams and bigrams, etc., and the size of the vo-
cabulary to be considered in order to filter some
of the infrequent n-grams resulting in less complex
models.

When vital signs were used as predictors the asso-
ciated features were scaled using the min-max nor-
malization method, ranging from 0 to 1, in order to
reduce data redundancy and improve its integrity.
Feature scaling is suggested for the majority of the
considered learning approaches.

Random Search was used with 10-fold cross-
validation to choose the hyperparameters of the
considered hypothesis space for the vectorization
and learning strategies, with the goal of maximizing
the ROC-AUC score.

Since the performance of some of the considered
algorithms, LR and SVM, can deteriorate with class
imbalance it was applied a cost-sensitive learn-
ing strategy. This approach works by making the
learning model aware of the imbalanced data by in-
corporating the weights of each class, computed as
shown in e. (2), into the objective function. The
weight associated to the less frequent class is big-
ger when compared with the other class since the
weights are inversely proportional to the frequency
of classes in the training data. Given that the
weights are incorporated into the objective function
and that the minority class has an associated weight

that is superior than the one corresponding to the
most frequent class the learning model is highly
penalized when it missclassifies observations corre-
sponding to the minority class. It is important to
note that the developed SVM models used the linear
kernel due to the size of the dataset and the number
of features since the time complexity of a non-linear
SVM ranges between O(nfeatures × n2samples) and

O(nfeatures × n3samples).

wyi
=

Number of Samples

Number of Classes×
∑N

n=1(yi)
(2)

3.3. Model Evaluation

After a model being trained it is necessary to
know if it can describe the data and most impor-
tantly if the model is capable to generalize beyond
the seen data. During both training and testing
bootstrapping was applied for each performance
metric and during testing McNemar’s Hypothesis
test was added in order to compare machine learn-
ing models’ error rates. The cut-off probability
which presented the best separation between classes
was also computed.

Given that during the hyperparameter optimiza-
tion step the objective was to maximize the ROC-
AUC score one resorted to the Youden’s J index
to compute the optimal probability threshold
during the validation step since it guarantees a com-
promise between sensitivity and specificity [8]. For
each probability threshold value the Youden index
is given by equation 3 and the optimal probability
threshold considered as the cut-off probability is the
one that guarantees equation 4.

J = sensitivity + specificity − 1 (3)

max(J) (4)

In order to know the range of values for each
performance metric, given a learning model, it
was computed bootstrapped 95% confidence
intervals, during validation, with 200 bootstrap
samples, as illustrated in figure 3a. Given the
chosen percentage for the confidence interval, the
percentiles considered for calculation of the lower
and upper bound are thus the α1 = 0.025 and
α2 = 0.975 percentiles, respectively. During test-
ing, bootstrapping was also used to estimate 95%
confidence intervals. The model was subject to a
resampled population in order to obtain its esti-
mates, as shown if figure 3b. For the computation
of these confidence intervals, 200 bootstrap samples
were also used.
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(a) Bootstrapping strategy employed during the
validation step.

Population
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Machine
Learning Model

Save
Performance
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number of
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End

Yes

No

Start

(b) Bootstrapping strategy employed during the
testing step.

Figure 3: Representation of the used bootstrapping
strategies during validation and testing steps.

When one has models that both represent the
data and are capable to generalize well the following
question is raised: From the set of models which
one is the best?. In this work one resorted to the
McNemar’s Hypothesis test to help answer that
question to first conclude on if the models present
statistical significant error proportions in order to
differentiate between them. This was employed only
during the testing step and the null hypothesis and
the alternative hypothesis are given by:

• H0 - There is no significance between the mod-
els error rates on the test set;

• H1 - The models have a different error rates
on the test set.

There may be cases were computing the uncer-
tainty, subtracting the lower bound to the upper

bound of the bootstrapped 95% confidence in-
terval, associated with the performance metrics,
given a learning model, and the result of McNe-
mar’s Hypothesis test are insufficient to discrim-
inate between models. Given this, some special pre-
cautions were taken into account to accommodate
with the limitations already described. In this work
a model is selected analyzing:

• Its performance;

• Its uncertainty, where lesser is better;

• Generalization capability;

• Parsimony, in order to have lesser complex
models.

4. Results

Regarding the Baseline hypothesis, the models
developed under this hypothesis were not capable to
discriminate the true state for each patient in the
cohort. This is noticeable since the best model, LR
with SGD, verifies a ROC-AUC, Sensitivity, Speci-
ficity, F1-Score, Precision and Cohen’s Kappa (κ)
of 0.609, 0.544, 0.615, 0.146, 0.0837, and 0.0517,
respectively, as shown in table 4.

Under the All Numeric hypothesis, the perfor-
mance of the developed models improves and the re-
sults regarding the best model, LR, are illustrated
in table 4. The performance measures whose im-
pact was more significant were the ROC-AUC and
Sensitivity, with improvements of 0.173 and 0.187,
respectively. Despite the improvements, there ex-
ists a gap between Sensitivity and Specificity since
Sensitivity > Specificity.
Considering the Textual hypothesis, there was a
slight improvement regarding ROC-AUC but there
still exists a gap between Sensitivity and Specificity.
Unlike the previous hypothesis, under the present
one Specificity > Sensitivity for the best model: LR
with tf-idf features.

The relation between Sensitivity and Specificity,
in the two previous hypotheses, suggests that using
only numerical data generates models more capable
to correctly identify patients that will revisit the
ED. When only the chief main complaint is used,
the models better predict patients that will not re-
visit the ED. This implies that using both numerical
and textual data generates models that are capable
of predicting both classes.

Given the previous statement, appraising the
results of the best model under the Textual
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Table 4: Best results for each hypothesis.

Hypothesis Model
ROC-
AUC

Sensi. Speci. F1 Prec. k

HB LR SGD 0.609 0.544 0.615 0.146 0.0837 0.0517

HAN LR 0.782 0.731 0.674 0.204 0.118 0.118

HT LR tf-idf 0.789 0.688 0.741 0.230 0.138 0.149

HTB SVM tf-idf 0.791 0.692 0.739 0.230 0.138 0.149

HTAN LR tf-idf 0.842 0.768 0.731 0.246 0.147 0.167

HB - Baseline; HAN - All Numeric; HT - Textual; HTB - Textual
and Baseline; HTAN - Textual and All Numeric; Sensi. - Sensitivity;
Speci. - Specificity; F1 - F1-Score Prec. - Precision; k - Cohen’s
Kappa

and Baseline hypothesis show little to no im-
provements regarding model’s prediction capabil-
ity, when compared with the best model under the
Textual hypothesis. Like the previous hypotheses,
there exists a gap between Sensitivity and Speci-
ficity concerning the present hypothesis.

Assessing the last hypothesis, Textual and All
Numeric, there is a significant increase regarding
ROC-AUC, 0.842 corresponding to an increase of
5, 1%, when compared with the previous hypoth-
esis, alongside with an achievement of a compro-
mise between Sensitivity and Specificity. Despite
the high values concerning Sensitivity and Speci-
ficity, the model’s Precision is low. This means that
the model is capable of predicting the minority class
(Revisit) with few False Negatives but the model
classifies several patients belonging to the Revisits
class when they did not revisited the ED, i.e. the
model produces several False Positives.

5. Conclusions

Based on all the developed work and what was
previously stated, one can state that it is possible
to predict adult patient ED revisits within 72 hours
after discharge. The hypothesis that had the com-
bination of features that resulted in best results is
the Textual and All Numeric hypothesis and the
most suited ML algorithm is the LR when using tf-
idf features.

In accordance with the results and conclusions,
there existed relevant information in the main chief
complaint that led to the indication that a patient
belonged to a group-risk. Using this data source
alongside patient information, gathered at the mo-
ment of triage, resulted in models with good pre-
dictive performance. This work contributed to ad-
vance knowledge within the area and indicated a
promising way to develop clinical decision support
systems to predict adult patient ED revisits within
72 hours after discharge.

5.1. Future Work

Since the topic of predicting ED revisits is not
vastly explored in the literature, there are still op-
portunities for further enhancements. The next
paragraphs include some of the author’s suggestions
for future work.

Regarding textual feature extraction techniques,
it would be interesting to develop a Word Em-
bedding representation to capture semantic similar-
ity beyond the trivial level of considering language
models based on N-Grams. One could resort to the
Word2Vec or Doc2Vec approaches. This word rep-
resentations can be trained using several biomedical
texts like published works and books.

Considering the low performance regarding Pre-
cision (due to class imbalance), it would be intrigu-
ing to consider ensemble methods like bagging or
boosting. Ensemble methods improves the predic-
tion capability of ML methods by combining multi-
ple weak learners. Using ensemble methods allows
to produce better predictions compared to a single
model. Another suggestion falls into using Fuzzy
Fingerprinting due to its promising results in au-
thorship identification.

Given the recent advances in the fields of ML and
Artificial Intelligence, it is appealing to resort to
Deep Learning methods like Convolutional Neural
Networks (CNNs) and Recurrent Neural Networks
(RNNs), e.g. Long Short-Term Memory Networks
(LSTMNs). CNNs are good with hierarchical or
spatial data and extracting unlabeled features like
written characters. LSTMNs are good at tempo-
ral or sequential data, like words in a body of text.
LSTMNs are a variant of RNNs that allow for con-
trolling how much of prior training data should be
remembered. One could also combine both net-
works and develop a CNNs+LSTMNs architecture
which involves using the CNNs layers for feature ex-
traction on input data combined with LSTMNs to
support sequence prediction.
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