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ORIGINAL ARTICLE

ABSTRACT

Objective: To describe the initial baseline results of a population-based study, as well as a protocol in order to evaluate the 
performance of different machine learning algorithms with the objective of predicting the demand for urgent and emergency services 
in a representative sample of adults from the urban area of Pelotas, Southern Brazil. Methods: The study is entitled “Emergency 
department use and Artificial Intelligence in PELOTAS (RS) (EAI PELOTAS)” (https://wp.ufpel.edu.br/eaipelotas/). Between September 
and December 2021, a baseline was carried out with participants. A follow-up was planned to be conducted after 12 months in order 
to assess the use of urgent and emergency services in the last year. Afterwards, machine learning algorithms will be tested to predict 
the use of urgent and emergency services over one year. Results: In total, 5,722 participants answered the survey, mostly females 
(66.8%), with an average age of 50.3 years. The mean number of household people was 2.6. Most of the sample has white skin color 
and incomplete elementary school or less. Around 30% of the sample has obesity, 14% diabetes, and 39% hypertension. Conclusion: 
The present paper presented a protocol describing the steps that were and will be taken to produce a model capable of predicting the 
demand for urgent and emergency services in one year among residents of Pelotas, in Rio Grande do Sul state. 
Keywords: Machine learning. Chronic diseases. Multimorbidity. Urgent and emergency care.

CORRESPONDING AUTHOR: Felipe Mendes Delpino. Rua Gomes Carneiro, 1, Centro, CEP: 96010-610, Pelotas (RS), Brazil. E-mail: fmdsocial@outlook.com

CONFLICT OF INTERESTS: nothing to declare

HOW TO CITE THIS ARTICLE: Delpino FM, Figueiredo LM, Costa ÂK, Carreno I, Silva LN, Flores AD, et al. Emergency department use and Artificial Intelligence in 
Pelotas: design and baseline results. Rev Bras Epidemiol. 2023; 26:e230021. https://doi.org/10.1590/1980-549720230021

This is an open article distributed under the CC-BY 4.0 license, which allows copying and redistribution of the material in any format and for any purpose as long as 
the original authorship and publication credits are maintained.

Received on: 09/23/2022
Reviewed on: 01/05/2023
Accepted on: 01/09/2023

https://doi.org/10.1590/1980-549720230021
http://www.scielo.br/rbepid
http://orcid.org/0000-0002-3562-3246
http://orcid.org/0000-0001-5152-5059
http://orcid.org/0000-0003-3052-2742
http://orcid.org/0000-0002-9872-217X
http://orcid.org/0000-0003-4435-214X
http://orcid.org/0000-0002-1677-4989
http://orcid.org/0000-0002-1025-3330
http://orcid.org/0000-0002-3287-8948
http://orcid.org/0000-0003-3935-5207
http://orcid.org/0000-0001-7225-1552
http://orcid.org/0000-0001-5730-0811
http://orcid.org/0000-0002-5746-5170
http://orcid.org/0000-0001-7276-0402
http://orcid.org/0000-0001-5335-6973
http://orcid.org/0000-0003-2276-491X
http://orcid.org/0000-0002-4580-3849
http://orcid.org/0000-0003-3251-9600
http://orcid.org/0000-0001-5390-8360
http://orcid.org/0000-0001-7356-522X
http://orcid.org/0000-0003-4792-8714
http://orcid.org/0000-0002-4496-4122
https://wp.ufpel.edu.br/eaipelotas/
mailto:fmdsocial@outlook.com
https://doi.org/10.1590/1980-549720230021


www.scielo.br/rbepid

Artificial intelligence and emergency use. Rev Bras Epidemiol. 2023; 26:e230021 2

https://doi.org/10.1590/1980-549720230021

INTRODUCTION

Chronic diseases affect a large part of the population of 
adults and older adults, leading these individuals to seek 
urgent and emergency care. The implementation in 1988 
of the Unified Health System (SUS) resulted in a model 
aimed at prevention and health promotion actions based 
on collective activities1 – starting at Basic Health Units 
(UBS). There is also the National Emergency Care Policy, 
which advanced in the construction of the SUS, and has 
as guidelines universality, integrity, decentralization, and 
social participation, alongside humanization, the right of 
every citizen2.

In a study that evaluated the characteristics of users 
of primary health care services in a Brazilian urban-repre-
sentative sample, it was found that the vast majority were 
women and part of poorer individuals, in addition to almost 
1/4 of the sample receiving the national income distribu-
tion program (family allowance)3. Brazil is a country highly 
unequal in socioeconomic terms; approximately 75% of the 
Brazilian population uses the SUS and depends exclusively 
on it, and do not have private health insurance4,5. 

Individuals with multimorbidity are part of the vast ma-
jority who seek urgent and emergency services6. Multimor-
bidity is a condition that affects a large part of the popula-
tion7, especially older adults7. In addition, the association 
of multimorbidity with higher demand for emergency ser-
vices is a challenge to appropriately manage and prevent 
these problems8,9. 

Innovative approaches may allow health professionals 
to provide direct care to individuals who are more likely to 
seek urgent and emergency services. The use of artificial 
intelligence can make it possible to identify and monitor 
a group of individuals with a higher probability of devel-
oping multimorbidity. In this context, machine learning 
(ML), an application of artificial intelligence, is a promis-
ing and feasible tool to be used on large scale to identify 
these population subgroups. Some previous studies have 
demonstrated that ML models can predict the demand for 
urgent and emergency services10,11. Besides, a systematic 
review showed that ML could accurately predict the tri-
age of patients entering emergency care12. However, in a 
search for studies in Brazil, we found no published article 
on the subject.

In Brazil, urgent and emergency services are a funda-
mental part of the health care network, ensuring timely 
care in cases of risk to individuals’ lives9. Urgent and emer-
gency services are characterized by overcrowding and 
high demand. In addition, with the current pandemic of 
COVID-19, updated evidence on the characteristics of the 
users seeking these services is timely and necessary. The 
objective of this article was to describe the initial baseline 
results of a population-based study, as well as a protocol 
in order to evaluate the performance of different ML al-
gorithms with the objective of predicting the demand for 

urgent and emergency services in a representative sample 
of adults from the urban area of Pelotas.

METHODS

The present cohort study is entitled “Emergency de-
partment use and Artificial Intelligence in PELOTAS-RS 
(EAI PELOTAS)” (https://wp.ufpel.edu.br/eaipelotas/). The 
baseline was conducted between September and Decem-
ber 2021, and a follow-up was planned to be conducted 
12 months later. We utilized the cross-sectional study to 
measure the prevalence of urgent and emergency care 
and the prevalence of multimorbidity, in addition to other 
variables and instruments of interest. The prospective co-
hort design intends to estimate the risk of using and reus-
ing urgent emergency services after 12 months. Contact 
information, collected to ensure follow-up, included tele-
phone, social networks, and full address. In addition, we 
also collected the latitude and longitude of households 
for control of the interviews.

Study location and target population
The present study was conducted in adult households 

in the Pelotas, Rio Grande do Sul (RS), Southern Brazil. Ac-
cording to estimates by the Brazilian Institute of Geography 
and Statistics (IBGE) in 2020, Pelotas had an estimated pop-
ulation of 343,132 individuals (https://cidades.ibge.gov.br/
brasil/rs/pelotas/panorama). Figure 1 shows the location of 
the city of Pelotas in Brazil. 

Pelotas has a human development index (HDI) of 0.739 
and a gross domestic product per capita (GDP) of BRL 
27,586.96 (https://www.ibge.gov.br/cidades-e-estados/rs/
pelotas.html). The municipality has a Municipal Emergency 
Room that operates 24 hours a day, seven days a week, 
and serves about 300 patients a day, according to data pro-
vided by the unit.

Criteria for inclusion and exclusion of study participants
We included adults aged 18 years or older residing in 

the urban area of Pelotas. Children and individuals who 
were mentally unable to answer the questionnaire were 
not included in the sample.

Figure 1. Map of Brazil highlighting the city of Pelotas (RS).

Source: https://pmpel.maps.arcgis.com/apps/View/index.
html?appid=805046dd7e72460ea073579e20a75fcd
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Sample calculation, sampling process, and data collection
The sample size was calculated considering three objec-

tives. First, to determine the sample size required to assess 
the prevalence of urgent and emergency services use, it 
was considered an estimated prevalence of 9%, with±two 
percentage points as a margin of error and a 95% confi-
dence level13, concluding that 785 individuals would be nec-
essary. Second, for multimorbidity prevalence, an estimat-
ed prevalence of 25%, with ± three percentage points as 
a margin of error and a confidence level of 95% was used 
14,15; reaching again, a total of 785 individuals needed. Final-
ly, for the association calculations, similar studies in Brazil 
were assessed, and the following parameters were con-
sidered: significance level of 95%, power of 80%, exposed/
unexposed ratio of 0.1, percentage of the outcome in the 
unexposed 20%, and a minimum prevalence ratio of 1.3. 
With these parameters, 5,104 individuals would be neces-
sary to study the proposed associations. Adding 10 to 20% 
for losses and/or refusals, the final sample size would be 
composed of 5,615–5,890 participants.

The process to provide a population-based sample was 
carried out in multiple stages. The city of Pelotas has ap-
proximately 550 census tracts, according to the last update 
estimates provided by IBGE in 2019. From there, we ran-
domly selected 100 sectors. Since the sectors vary in size, 
we defined a proportional number of households for each.

Thus, it was estimated that, in total, the 100 sectors had 
approximately 24,345 eligible households. To interview 
one resident per household, we divided the total number 
of households by the sample size required, which result-
ed in 4.3. Based on this information, we divided each of 
the 100 sectors by 4.3 to reach the necessary number of 
households for each sector. One resident per household 
was interviewed, resulting in a total of 5,615 households. 
If there was more than one eligible resident, the choice 
was made by a random number generator application. 

Residents were placed in order, a number was assigned 
for each one, and one of them was selected according to 
the result of the draw. The first household interviewed in 
each sector was selected through a draw, considering the 
selected jump (4.3 households). Trades and empty squares 
were considered ineligible, and thus, the next square was 
chosen. Due to a large number of empty houses, it was 
necessary to select another 50 sectors to complete the re-
quired sample size. The additional households were drawn 
according to the same methodological criteria as the first 
draw to ensure equiprobability.

Data collection instrument
We collected the data with the Research Electronic Data 

Capture (REDCap), a data collection program using smart-
phones16,17. Experienced and trained research assistants 
collected the data. The questionnaire from EAI PELOTAS 
was prepared, when possible, based on standardized in-
struments, including questions about chronic diseases, 
physical activity, food security, use of urgent and emergen-
cy services, functional disability, frailty syndrome, self-per-
ception of health, COVID-19, in addition to sociodemo-
graphic and behavioral questions. Supplementary Table 1 
shows the instruments utilized in the present study.

Dependent variables
The use of urgent and emergency services was as-

sessed on a baseline using the following question: “In the 
last 12 months, how many times have you sought urgent 
and emergency services, such as an emergency room?”. 
This was followed by the characterization of the service 
used, city of service, frequency of use, and referral after 
use. One year after the study baseline, we will contact 
again the respondents to inquire about the use of urgent 
and emergency care services (number of times and type of 
service used). 

Table 1. First descriptive results and comparison with a population-based study.

Characteristics
EAI PELOTAS* PNS 2019†

Crude % (95%CI) Survey design % (95%CI) % (95%CI)

Mean age, years 50.3 (49.9–50.8) 46.2 (45.5–47.0) 46.7 (45.9–47.5)

Mean number of household people 2.6 (2.5–2.7) 2.7 (2.6–2.8) 3.0 (2.9–3.1)

Female (%) 66.8 (65.6–68.0) 54.2 (52.4–55.6) 54.1 (51.7–56.4)

Skin color (%)

White 78.2 (77.1–79.2) 77.3 (74.9–79.5) 76.8 (74.6–78.7)

Black 15.0 (14.1–16.0) 15.3 (13.5–17.3) 8.3 (7.0–9.8)

Brown 6.1 (5.5–6.7) 6.7 (5.7–7.9) 14.5 (12.9–16.3)

Other 0.7 (0.5–1.0) 0.7 (0.4–1.1) 0.4 (0.2–0.8)

Schooling (%)

Incomplete elementary school or less 35.7 (34.5–37.0) 31.3 (28.6–34.2) 30.2 (28.1–32.4)

Complete elementary school/incomplete high school 16.2 (15.3–17.2) 16.4 (15.1–17.7) 15.7 (14.0–17.5)

Complete high school/incomplete higher education 33.5 (32.3–34.7) 37.6 (35.6–39.6) 36.9 (34.6–39.2)

Complete higher education or more 14.6 (13.7–15.5) 14.7 (12.4–17.4) 17.2 (15.7–18.9)

*n=5.722; †n=3.002. PNS: Brazilian National Health Survey. PNS 2019 includes residents (selected to interview) from the urban area from the Rio 
Grande do Sul State; Survey design: weighted for primary unit sampling and post-weight estimates
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Independent variables
We assessed multimorbidity as the main exposure 

using a list of 22 chronic diseases and others (asthma/
bronchitis, osteoporosis, arthritis/arthrosis/rheumatism, 
hypertension, diabetes, cardiac insufficiency, pulmonary 
emphysema/chronic obstructive pulmonary disease, acute 
kidney failure, Parkinson’s disease, prostate disease, hypo/
hyperthyroidism, glaucoma, cataract, Alzheimer’s disease, 
urinary/fecal incontinence, angina, stroke, dyslipidemia, 
epileptic fit/seizures, depression, gastric ulcer, urinary in-
fection, pneumonia, and the flu). The association with ur-
gent and emergency services will be performed with dif-
ferent cutoff points, including total number, ≥2, ≥3, and 
combinations of morbidities. We will also perform network 
analyzes to assess the pattern of morbidities.

Other independent variables were selected from pre-
vious studies in the literature18-21, including demographic, 
socioeconomic information, behavioral characteristics, 
health status, access, use and quality of health services.

Data analysis
We will test artificial intelligence algorithms, ML, to 

predict the use of urgent and emergency services after 12 
months. The purpose of ML is to predict health outcomes 
through the basic characteristics of the individuals, such as 
sex, education, and lifestyle. The algorithms will be trained 
to predict the occurrence of health outcomes, which will 
contribute to decision-making. With a good amount of data 
and the right algorithms, ML may be able to predict health 
outcomes with satisfactory performance. 

The area of ML in healthcare has shown rapid growth in 
recent years, having been used in significant public health 
problems such as diagnosing diseases and predicting the 
risk of adverse health events and deaths22-24. The use of pre-
dictive algorithms aims to improve health care and support 
decision-making by health professionals and managers. For 
the present study, individuals’ baseline characteristics will be 
used to train popular ML algorithms such as Support Vector 
Machine (SVM), Neural Networks (ANNs), Random Forests, 
Penalized Regressions, Gradient Boosted Trees, and Extreme 
Gradient Boosting (XGBoost). These models were chosen 
based on a previous review in which the authors identified 
the most used models in healthcare studies25. We will use the 
Python programming language to perform the analyzes.

To test the predictive performance of the algorithms in 
new unseen data, individuals will be divided into training 
(70% of patients, which will be used to define the param-
eters and hyperparameters of each algorithm) and testing 
(30%, which will be used to test the predictive ability of 
models in new data).

We will also perform all the preliminary steps to ensure 
a good performance of the algorithms, especially those re-
lated to the pre-processing of predictor variables, such as 
the standardization of continuous variables, separation of 
categorical predictors with one-hot encoding, exclusion of 

strongly correlated variables, dimension reduction using 
principal component analysis and selection of hyperpa-
rameters with 10-fold cross-validation. Different metrics 
will evaluate the predictive capacity of the models, the 
main one being the area under the receiver operating char-
acteristic (ROC) curve (AUC). In a simplified way, the AUC is 
a value that varies from 0 to 1, and the closer to 1 the better 
the model’s predictive capacity26. The other metrics will be 
F1-score, sensitivity, specificity, and accuracy. As measures 
of model fit, we will perform hyperparameters and balanc-
ing fit, as well as K-fold (cross-validation).

COVID-19

The current pandemic, caused by the SARS-CoV-2 virus, 
has brought uncertainty to the world population. Although 
vaccination coverage is already high in large parts of the 
population, the arrival of new variants and the lack of oth-
er essential measures to face the pandemic still create 
uncertainty about the effects of the pandemic on people. 
General questions about symptoms, tests, and possible ef-
fects caused by coronavirus contamination were included 
in our baseline survey. We will also use SARS-CoV-2-related 
questions to evaluate the performance of ML algorithms. 
In September 2021, restrictive measures were relaxed due 
to a decrease in COVID-19 cases in Pelotas, allowing the 
study to begin. A vaccination passport was required from 
the interviewers to ensure the safety of both participants 
and interviewers. In addition, all interviewers received pro-
tective equipment against COVID-19, including masks, face 
shields, and alcohol gel. Finally, the interviewers were in-
structed to conduct the research in an open and airy area, 
ensuring the protection of the participants.

Quality assurance and control
The activities to allow for control and data quality were 

characterized by a series of measures aimed at ensuring 
results without the risk of bias. Initially, we developed a 
research protocol, followed by an instruction manual for 
each interviewer. Thereafter, interviewers were trained 
and standardized in all necessary aspects. 

REDCap was also important to garanteee the control 
and quality of responses as the questions were designed 
using validation checks according to what was expected 
for each answer. Another measure that ensured the con-
trol of interviews was the collection of latitude and longi-
tude of households, which was plotted by two members 
of the study coordination weekly on maps, to ensure that 
the data collection was performed according to the study 
sample. With latitude and longitude data, it is also intended 
to carry out spatial analysis articles with techniques such as 
sweep statistics and Kernel.

The database of the questions was checked daily to find 
possible inconsistencies. Finally, two members of the study 
coordination made random phone calls to 10% of the sample, 
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in which a reduced questionnaire was applied, with the objec-
tive of comparing the answers with the main questionnaire.

Ethical principles
We carried out this study using free and informed con-

sent, as determined by the ethical aspects of Resolution No. 
466/2012 of the National Council of the Ministry of Health and 
the Code of Ethics for Nursing Professionals, of the duties in 
Chapter IV, Article 35, 36 and 37, and the prohibitions in chap-
ter V, article 53 and 54. After identifying and selecting the study 
participants, they were informed about the research objectives 
and signed the Informed Consent Form (ICF). The project was 
referred to the Research Ethics Committee via the Brazilian plat-
form and approved under the CAAE 39096720.0.0000.5317.

Schedule
Initially, we conducted a stage for the preparation of an 

electronic questionnaire at the beginning of 2021. In Feb-
ruary 2021, we initiated data collection after preparing the 
online questionnaire. The database verification and clean-
ing steps occurred simultaneously with the collection, and 
continued until March 2022. After this step, data analysis 
and writing of scientific articles began.

RESULTS

First descriptive results and comparison with a 

population-based study
Of approximately 15,526 households approached, 

8,196 were excluded — 4,761 residents were absent at the 
visit, 1,735 were ineligible, and 1,700 were empty (see Fig-
ure 2). We identified 7,330 eligible participants, of which 

1,607 refused to participate in the study, totalizing 5,722 
residents. Comparing the female gender percentage of 
the refusals with the completed interviews, we observed 
a slightly lower prevalence with 63.2% (95%CI 60.7–65.5) 
among the refusals, and 66.8% (95%CI 65.6–68.0) among 
the complete interviews. The mean age was similar be-
tween participants who agreed to participate (50.3; 95%CI 
49.9–50.8) and those who refused (50.4; 95%CI 49.0–51.9).

To evaluate the first descriptive results of our sample, 
we compared our results with the 2019 Brazilian National 
Health Survey (PNS) database. The PNS 2019 was collected 
by the IBGE in partnership with the Ministry of Health. The 
data are in the public domain and are available in the IBGE 
website (https://www.ibge.gov.br/). To ensure the greatest 
possible comparability between studies, we used only res-
idents of the urban area of the state of Rio Grande do Sul, 
aged using the command svy from Stata, resulting in 3,002 
individuals (residents selected to interview).

We developed two models to compare our data with 
the PNS 2019 survey: 
1.	 Crude model (crude results from the EAI PELOTAS 

study, without considering survey design estimates); 
2.	 Model 1 using survey design: primary sampling units 

(PSUs) using census tracts as variables and post-weight 
variables based on estimates of Pelotas population pro-
jection for 2020 (Table 1). We evaluated another model 
using individual sampling weight (i.e., the inverse of the 
probability of being interviewed in each census tract). 
These models are virtually equal to the above estimates 
(data not shown).

The mean age of our sample was 50.3 years (Table 
1), 46.2 for model 1, which was similar to PNS 2019 (46.7 
years). Our weighted estimates presented a similar pro-
portion of females compared to the PNS 2019 sample. The 
proportions of skin colors were similar in all categories and 
models. Our crude model presented a higher proportion 
of participants with incomplete elementary school or less 
compared to model 1 and PNS 2019.

Table 2 describes the prevalence of chronic diseases 
and lifestyle factors in our study and the PNS 2019 sample. 
Our prevalence of diabetes was higher in the crude mod-
el compared to weighted estimates and PNS 2019 sample. 
In both models, we had a higher proportion of individuals 
with obesity and hypertension than in PNS 2019. Asthma 
and/or bronchitis presented similar proportions in our re-
sults compared to PNS 2019; the same occurred for can-
cer. Our study presented a higher proportion of smoking 
participants in both models than in the PNS 2019 sample.

DISCUSSION

We described the initial descriptive results, methodolo-
gy, protocol, and the steps required to perform the ML anal-
ysis for predicting the use of urgent and emergency services Figure 2. Flowchart describing the sampling process.

HOUSEHOLDS
APPROACHED

n=15,526
 

INELIGIBLE OR EMPTY
HOUSEHOLDS

n=8,196

ELIGIBLE PARTICIPANTS
n=7,330

REFUSALS
 n=1,607

FINAL SAMPLE
n=5,722
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among the residents of Pelotas, Southern Brazil. We expect 
to provide subsidies to health professionals and managers 
for decision-making, helping to identify interventions tar-
geted at patients more likely to use urgent and emergency 
services, as well as those more likely to develop multimor-
bidity and mortality. We also expect to help health systems 
optimize their space and resources by directing human and 
physical capital to those at greater risk of developing multi-
ple chronic diseases and dying. Recent studies in developed 
countries have found this a feasible challenge with ML21,27. 
If our study presents satisfactory results, we intend to test 
its practical applicability and acceptance to assist health pro-
fessionals and managers in decision-making in emergency 
services among residents of Pelotas.

The baseline and methods used to select households resem-
ble the main population-based studies conducted in Brazil, such 
as the Brazilian Longitudinal Study of Aging (ELSI-Brazil)28, the 
EPICOVID29, and the PNS. The applicability of ML requires suit-
able predictive variables. Our study included sociodemographic 
and behavioral variables related to urgent and emergency ser-
vices, and chronic diseases. EAI PELOTAS study also includes 
essential topics that deserve particular importance during the 
COVID-19 pandemic, such as food insecurity, decreased income, 
physical activity, access to health services, and social support.

We also presented one weighting option in order to ob-
tain sample estimates considering the complex study design. 
All estimates have their strength and limitation. Each research 
question answered through this study may consider these 
possibilities and choose the most suitable one. The estimates 
were similar without weighting and those considering the 
primary sampling unit (PSU) and sampling weight. Using the 
census tract in the PSU is fundamental to consider the sam-
pling design in the estimates of variability (standard error, 
variance, 95%CI, among others). In addition, due to the possi-
ble selection bias in the sample, which contains more women 
and older people than expected, the use of a post-weighting 
strategy becomes necessary to obtain estimates adjusted for 
the sex and age distributions of the target population (due 
to the lack of census data, we used population projections). 
However, it should be noted that this strategy can produce 
estimates simulating the expected distribution only by sex 

and age. Still, we do not know how much this strategy can dis-
tort the estimates since the demographic adjustment cannot 
reproduce adjustment in all sample characteristics, especially 
for non-measured variables that may have influenced the se-
lection of participants. Thus, we recommend defining the use 
of each strategy on a case-by-case basis, depending on the 
objective of the scientific product. Finally, we suggest report-
ing the different estimates according to the sample design 
for specific outcomes (e.g., the prevalence of a specific condi-
tion) that aim to extrapolate the data to the target population 
(adults of the city of Pelotas). 

In conclusion, the present article presented a protocol 
describing the steps that were and will be taken to produce 
a model capable of predicting the demand for urgent and 
emergency services in one year among residents in Pelotas 
(RS), Southern Brazil.
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RESUMO

Objetivo: Descrever os resultados iniciais da linha de base de um estudo de base populacional, bem como um protocolo para 
avaliar o desempenho de diferentes algoritmos de aprendizado de máquina, com o objetivo de predizer a demanda de serviços de 
urgência e emergência em uma amostra representativa de adultos da zona urbana de Pelotas, no Sul do Brasil. Métodos: O estudo 
intitula-se “Emergency department use and Artificial Intelligence in PELOTAS (RS) (EAI PELOTAS)” (https://wp.ufpel.edu.br/eaipelotas/). 
Entre setembro e dezembro de 2021, foi realizada uma linha de base com os participantes. Está previsto um acompanhamento 
após 12 meses para avaliar a utilização de serviços de urgência e emergência no último ano. Em seguida, serão testados algoritmos 
de machine learning para predizer a utilização de serviços de urgência e emergência no período de um ano. Resultados: No total, 
5.722 participantes responderam à pesquisa, a maioria do sexo feminino (66,8%), com idade média de 50,3 anos. O número médio 
de pessoas no domicílio foi de 2,6. A maioria da amostra tem cor da pele branca e ensino fundamental incompleto ou menos. Cerca 
de 30% da amostra estava com obesidade, 14% com diabetes e 39% eram hipertensos. Conclusão: O presente trabalho apresentou 
um protocolo descrevendo as etapas que foram e serão tomadas para a produção de um modelo capaz de prever a demanda por 
serviços de urgência e emergência em um ano entre moradores de Pelotas, no estado do Rio Grande do Sul. 
Palavras-chave: Aprendizado de máquina. Doenças crônicas. Multimorbidade. Urgência e emergência.
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