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Abstract

Objective: Emergency Department (ED) revisits are aggravating ED patient

overcrowding. —- ADAPT The use of artificial intelligence techniques to find

out which Single Nucleotide Polymorphisms (SNPs) promote the development

of a disease is one of the features of medical research, as such techniques may po-

tentially aid early diagnosis and help in the prescription of preventive measures.

In particular, the aim is to help physicians to identify the relevant SNPs related

to Type 2 diabetes, and to build a decision-support tool for risk prediction.

Methods: In order to support ED manager, we propose the NearMiss algorithm

in combination with an ANN approach to forecast ED revisits. – ADAPT We

use the Random Forest (RF) technique in order to search for the most important

attributes (SNPs) related to diabetes, giving a weight (degree of importance),

ranging between 0 and 1, to each attribute. Support vector machines and lo-

gistic regression have also been used since they are two other machine learning

techniques that are well-established in the health community. Their perfor-

mance has been compared to that achieved by RF. Furthermore, the relevance

of the attributes obtained through the use of RF has then been used to per-
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form predictions with k nearest neighbour method weighting attributes in the

similarity measure according to the relevance of the attributes with RF.

Results: The method is applied to a dataset of 12 years and outperforms previ-

ous works in the literature with a prediction AUC of 89.6%. – ADAPT Testing

is performed on a set of 677 subjects. RF is able to handle the complexity of

features’ interactions, overfitting, and unknown attribute values, providing the

SNPs’ relevance with an up to 0.89 area under the ROC curve in terms of risk

prediction. RF outperforms all the other tested machine learning techniques

in terms of prediction accuracy, and in terms of the stability of the estimated

relevance of the attributes.

Conclusions: TODO - ADAPT The random forest is a useful method for learn-

ing predictive models and the relevance of SNPs without any underlying as-

sumption.

Keywords: Emergency Department, Return visits, Predictive model, Artificial

Neural Networks, Imbalanced learning problem

1. Introduction

Emergency departments (EDs) have drawn attention to patient overcrowd-

ing. To alleviate the problem, several tools are being studied for forecasting ED

attendances [1, 2, 3], predicting hospital admissions [4], defining triage protocols

[5], etc., with the final goal of aiding ED managers to improve the quality of5

the ED service. In that regard, ED revisits have been proposed as a quality

assurance measure [6]. However, ED revisits are not so important as a reliable

quality indicator, but because the conditions that initially were missed (e.g.

appendicitis, acute myocardial infection, fracture, subarachnoid haemorrhages)

and the health implications to patients [7].10

The burden of ED revisits vary from one hospital population to another one.

For example, [8] identifies 7.5% of returning visits in a time horizon of 3 days,

and up to 22.4% within 30 days. Revisits are also related to hospital admissions.

For example, [9] identifies 8.2% of returning visits in a time horizon of 3 days,
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with 29% of which are hospital admissions, and up to 19.9% within 30 days,15

from which the 28% are admissions. The cost of revisits have been estimated in

30.3% of the primary events in a time horizon of 3 days, while the percentage

increases up to 118% for a month period [9]. Therefore, it is necessary to review

ED attendances protocols and tools to prevent revisits happening [7].

Our research is concerned with forecasting ED revisits. To that end, we20

explore the use of Artificial Neural Networks (ANN) on ED data of the Hospital

of Palamós, which is located in a tourist region. We used 12 years of data from

the ED hospital records, from which the prediction models have been built,

tested and analysed. Data has been complemented with calendar, weather, and

the phase of the moon variables in order to improve the accuracy of ED revisits25

forecasts.

The paper is organised as follows: First, in Section ??, we expose the related

work. Afterwards, in Section ??, we describe and justify the methodology and

the criteria used in data cleaning and pre-processing. Next, we explain the

experimentation set-up and the results achieved in Section ??. In Section ??,30

we conclude the explanation of this work and point out some future work lines.

RELATED WORK INCLUIR.HO AQUI o CONMPROVAR QUE NO SIGUI

= DISCUSSIO

Forecasting ED visits has been approached with ensemble decision trees in

[10], achieving results up to 73% AUC with one-year data (2012). [11] proposed35

a decision-tree approach with a similar dataset achieving 70% AUC. We out-

perform these results with the use of ANN with an accurate preprocessing stage

and a greater dataset (13 years).

Other works such as [12] perform meta-analysis in order to obtain ratios

to then do predictions. The authors consider three scenarios according to the40

factors that causes the revisit: patient demographics, prior year utilizations (i.e.,

ED revisit within 72 h (yes/no), the total cost, and so on), and co-morbidities.

The results achieved, however, are poor, reaching in the best scenario 74% AUC.

Moreover, the dataset analysed in [12] is biased towards elderly people, while

our study covers all population ages.45
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[13] developed a clinical tool to identify discriminatory characteristics that

can predict paediatrics patients who will return within 72 hours to the Pediatric

emergency department. Their method consists of applying particle Swarm Op-

timization (PSO) techniques for feature selection coupled with an optimization-

based discriminant analysis model (DAMIP) for identifying a classification rule50

with relatively small subsets of discriminatory factors that can be used to pre-

dict the return visits. We have also considered the situation of paediatrics to

compare our methodology with the work just mentioned, obtaining also better

results.

[14] analyses monthly revisits rates grouping them according to three factors:55

illness related (up to 75.6%), patient related (13.3%) and doctor related (11.1%).

A similar study is reported in [15] with a different outcome: illness related (up to

35%), patient related (35%) and doctor related (50%). Although, [14] highlights

that the key issue is the good patient-physician relationship instead of a single

factor, e.g. anxious patients versus medical errors or diseases versus optimal60

therapy. This should be further studied but it is out of the scope of our work.

2. Material and methods

ADAPT - The Biomedical Research Institute of Girona has been gather-

ing information about the SNPs of subjects with their corresponding diagnoses

(T2D, glucose intolerance), as well as that of healthy subjects. Based on the65

available data, a T2D risk prediction model has been obtained with the use of

the RF technique, from which the relevance of each feature is obtained by using

the Gini importance [? ].

2.1. The problem

We formulate the problem as a classification problem: whether an ED at-70

tendance will become a revisit or not. Then, we solve it by means of an ANN

approach, in agreement with some past successful applications of this technique

for ED attendances forecasting [16, 17].
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The input of the method, ~X, consists of ED attendances data enriched with

exogenous variables. ED attendances are described according to the following75

variables: Arrival timestamp, patient ID, age, patient origin, service origin,

state, circuit, triage value (ICD9 code, ICD9-aggregated code, ICD9-CMD),

departure timestamp, destination place, destination service, diagnosis (up to 15

detailing variables), sex, birthday, foreigner (out of the hospital population),

patient residence region data (up to 11 variables), nationality, and exitus.80

On the other hand, exogenous data include: calendar information (month

of the year, workable day), weather data (average, maximum and minimum

temperature of the day; maximum, average and relative humidity of the day;

and 24h solar radiation), and moon data (moon illumination portion).

Summing up, the input vector ~X has a total of 75 variables. Each ED input85

is accompanied with a the revisit label y, y = 0 meaning no-revisit, or y = 1

meaning that the person comes again to the ED in the next h days.

2.2. Pre-processing

A pre-process has been applied in order to select attributes, remove spuri-

ous variables (such as patient id) and variables with the same meaning or too90

correlated, transform categorical variables to numerical, scale variables within

[0, 1] and deal with missing values.

Regarding the pre-processing of categorical variables, we need to distinguish

between variables with a wide range of values (such as diagnose codes) from

variables with few values. Therefore, first we apply a regular simplex method95

[18] to convert a categorical variable vi with N values to N variables vi1, ..., v
i
N ,

vij ∈ {0, 1}. Next, variables vi1, ..., v
i
N with a big N are coded as a 0-1 string

in a single variable v′i. After the categorical variable encoding, a correlation

analysis performs the dropping off of some binary variables. The dimension of

the input vector has been reduced from 77 to 24 after selecting variables, while100

increasing again up to 66 due to the categorical variable encoding.

In oder to deal with missing values, we use an imputation method that

assigns a value to missing features (’0’).
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Figure 1: Structure of the Multi-layer Perceptron

2.3. Artificial Neural Network Model

The network topology is Multi-layer Perceptron classifier with an input of 54105

nodes, and, for the sake of simplicity, 3 hidden layers with trunc(nfeatures/2)

nodes each one. We set up up to 500 iterations during the training of the

network. The activation function used is relu, and the used solver is adam.

Figure 1 shows the structure of the Multi-layer Perceptron.

[8] uses logistic regression to study the prediction horizon and determines110

that the best cut-off is 9 days. However, most of the previous studies use a

3 day horizon [19, 20, 13]. Therefore we have set the time horizon to 3 days.

Figure 2 shows the distribution of patients according to the time horizon h, and

in the Results section the impact of the h value is analysed.
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Figure 2: Number of patients (y-axis) regarding the time horizon h (x-axis).

2.4. Dataset and undersampling115

The methodology has been implemented and tested in a PC with a proces-

sor Intel Core i7-4790 CPU @ 3.60GHz x 4, with a 15.6GB of Memory, and

a NVIDIA GT218 [GEForce 210] graphics card. The experiments have been

carried out with the ED attendance data of the Hospital of Palamós. The im-

plementation has been carried out with the support of scikit-learn [21], pandas120

[22], and PyAstronomy [23].

The Hospital of Palamós data consists of the ED visits from January 1st

2002 to December 31st 2014 (13 years). There are a total of 705075 records;

the number of revisits in all of this period is 33690 (for h ≤ 3). Since it is an

imbalanced dataset, we used the 1st version of NearMiss undersampling method125

[24] to balance it. This algorithm selects samples from the majority class for

which the average distance of the k nearest samples of the minority class is the

smallest (see Figure 3)

2.5. Experimental set-up

A 10-cross validation method has been used for experimentation purposes.130

We decided to apply 10-folds cross-validation methodology following the ex-

ample of [13] and because the dataset has been considerably reduced after the

balancing step.

We also implemented logistic regression (LR) and random forests (RF) meth-

ods to compare its performance with our methodology. These methods have135
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Figure 3: An illustration of the NearMiss 1 undersampling method. Source:[25]

Table 1: Comparison of DAMIP/PSO results against our methodology.

Method Accuracy AUC

DAMIP/PSO results 83.1 -

ANN 85.99(std:2.92) 93.12(std:2.39)

been chosen because they have been used in other previous works [8, 20, 13].

3. Results

We have also extracted the pediatric data from our dataset in order to com-

pare our method with Lee’s work [13]. Table 3 shows that our method also

achieves better results than [13].140

The impact of the h value is provided in Figure 5. We achieve an AUC score

around 90% when h ≤ 0 (revisits happens the same day), but it decreases as h

increases, reaching the lowest value (around 88.00) when h is 10.

3.1. Initial results

Results are provided in Table 2. The proposed methodology achieves an145

AUC up to 89.7% with the ANN model, outperforming previous related works.

Even with RF we obtain better results (88.25%) than in previous works, since

the highest AUC value observed with decision trees is around 73% (see [10]).
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Figure 4: AUC of the ANN regarding to revisit horizon h.

Table 2: Results

Method AUC (std) Train t (s) Test t (s)

LR 87.8461 (5.246) 0.9586 0.0010

RF 88.2596 (4.542) 6.3249 0.1425

ANN 89.7082 (4.263) 11.0139 0.0031

This is probably due to the exhaustive dataset we have (up to 13 years), and

the preprocessing step we proposed. In fact, if we use the data as provided,150

the ANN model only achieves a 83.69% AUC. Significant differences can also

be seen in terms of training computational time, in favour of LR. However the

testing computational time of LR and ANN is of the same magnitude.

3.2. Sensitive analysis on h

The impact of the h value is provided in Figure 5. We achieve an AUC score155

around 90% when h ≤ 0 (revisits happens the same day), but it decreases as h

increases, reaching the lowest value (around 88.00) when h is 10.

3.3. Comparative analysis with Pediatric

We have also extracted the pediatric data from our dataset in order to com-

pare our method with Lee’s work [13]. Table 3 shows that our method also160

achieves better results than [13].
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Figure 5: AUC of the ANN regarding to revisit horizon h.

Table 3: Comparison of DAMIP/PSO results against our methodology.

Method Accuracy AUC

DAMIP/PSO results 83.1 -

ANN 85.99(std:2.92) 93.12(std:2.39)

4. Discussion

We have performed predictions in a general basis, without focussing on spe-

cific factors as other works do. For example, [14] analyses monthly revisits rates

grouping them according to three factors: illness related (up to 75.6%), patient165

related (13.3%) and doctor related (11.1%). A similar study is reported in [15]

with very different outcome: illness related (up to 35%), patient related (35%)

and doctor related (50%), the later case due to a high percentage of suboptimal

management than due to misdiagnosis. Although, [14] highlights that the key

issue is the good patient-physician relationship more than focussing on a sin-170

gle factor (i.e. anxious patients versus medical errors, diseases versus optimal

therapy), that should be further studied.

On the other hand, we have considered all patients exhibiting the same

behaviour, while other works, as [20] focus on the identification of patients with

frequent revisits, and they alert that there could be patients that accumulate up175

to 47% of revisits (regarding their total amount of EDs attendances). Therefore,

our forecasting model could be probably improved by analysing such specific
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Figure 6: Distribution of the percentage of revisits

situations.

En imatges he posat la corba roc respecte h (pero queda lletja)

I tambe totes les ROC juntes respecte h=1,3,7,10180

Per aixo he decidit deixar aquesta

ULL:La grafica Revisites correspon a h = 10. A imatges trobareu 2 grafiques

sobre revisites, una quan h es 3 ReturnPercentatge3days.pdf i una altre quan h

es 10 ReturnPercentatge10days.pdf

Figure 6 shows that there are 20280 ULL: amb h3 es 16577 patients that185

revisit ED 50 percent of times, 5787 ULL: amb h3 es 3775 that revisit it 66

percent of times, 4923 ULL: amb h3 es 2322 revisit ED more then 70 percent of

times.

5. Conclusions

ED revisits is increasing the ED overload while this is a hospital service that190

is characterised by a high overcrowding. This paper presents an ANN model for

ED revisits forecasting in order to provide to ED managers tools to alleviate the

problem. Experimentation is carried out with a dataset of 13 years of data from

the Hospital of Palamós. After an accurate pre-processing stage of the data,

our ANN model reaches an AUC of 89.6032, outperforming all of the previous195

works. Nevertheless, there is room for improvement.

First, we need to identify the discharge situation that causes revisits in order
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to support the development of the appropriate guidelines to prevent them. Sec-

ond, revisits could be analysed regarding different stratification of the hospital

population, such as identifying frequent revisits [20], visits from people suffering200

a chronic diseases [26] or elderly people [27]. Finally, our study has been done

with data from a single hospital. Therefore, we need to extend this study with

the collaboration with other hospitals in order to address the problem at the

adequate healthcare level [28].
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