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Abstract

Many studies have demonstrated a correlation between environmental monitoring data and healthcare service
demand, highlighting its contribution to the global problem of emergency department crowding. To address this
problem, forecasting models are essential for resource allocation and general management to improve patient
outcomes. Machine Learning (ML), especially Deep Learning (DL), offers promise for forecasting patient volume. In
this work, we present a systematic review of the use of ML to predict the health impacts of environmental exposures
in the context of hospital visits and admissions. Standardized tools for conducting a systematic review were used,
including the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA), the Checklist for Criti-
cal Appraisal and Data Extraction for Systematic Reviews of Prediction Modeling Studies (CHARMS), and Prediction
model Risk Of Bias ASsessment Tool (PROBAST). The search included studies from 2012 to 2025. We focus on answer-
ing how ML has been applied and what the major environmental predictors are used. As a result, 36 studies were
retained from PubMed, Embase, and IEEE Xplore databases. We found that many studies exhibited a high risk of bias
due to poor handling of missing values, inadequate outcome definitions, biased participant selection, and a low
number of events per variable. Additionally, we found that the most used air pollutants and meteorological variables
were PM2.5, PM10, NO2, SO2, CO, 03, and temperature. Furthermore, the most common models were Random Forest
and feed-forward neural networks. In addition, land use, remote sensing, demographic, and socioeconomic data offer
promising avenues for improving model performance.

Keywords Air pollution, Deep learning, Hospital visits, Hospital admissions, Environmental predictors, Machine
learning, Meteorological conditions

Introduction

Air pollution is one of the most considerable environ-
mental risks to health. It is associated with many dis-
eases and symptoms that affect health and quality of life
regardless of location, socioeconomic status, and age.
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chemical reactions, and they can be dispersed or con-
centrated in the air depending on the speed and wind
direction (Ministére de la Transition écologique et de
la Cohésion des territories 2022). Exposure to these
environmental factors can increase hospital visits and
admissions.

This rise in hospital visits and admissions can lead to
the worldwide problem of Emergency Department (ED)
crowding, i.e., when the need for ED services exceeds
the available resources (Schneider et al. 2003; Pearce
et al. 2023). This problem is associated with various
adverse outcomes, including service care delays, which
can increase in-hospital mortality, low patient satisfac-
tion, difficulties in clinician decision-making, equity in
care, etc. (Chen et al. 2020).

Anticipating the volume of hospital visits and admis-
sions can help reduce the burden on the healthcare
system. Many studies using artificial intelligence (AI)
in medical settings, such as bioinformatics, medical
imaging, pervasive sensing, etc., are published yearly.
Many of them highlight the ability of ML to abstract
large, complex, and unstructured data, offering a robust
way of analyzing heterogeneous data (Ravi et al. 2017).
AlI such as machine learning (ML) and Deep Learning
(DL), can help address this problem.

Previous studies have been presented in the setting
of patient volume forecasting. Wargon et al. (2009)
systematically reviewed nine studies. They aimed
to present forecasting techniques to help ED physi-
cians anticipate medical and nursing needs based on
expected hospital visit volume to the ED. As a result,
most of the models used were linear regression and
traditional autoregressive time series models. Despite
the broad search strategy adopted, no ML approaches
were found, likely due to the low popularity of ML in
earlier years (Mendo et al. 2021). In addition, two
recent studies, Silva et al. (2023) and Jiang et al. (2022),
systematically reviewed seven and thirty-five stud-
ies, respectively. Both studies investigated the factors
affecting hospital visit forecasting, such as the predic-
tors and the type of models used.

While the studies mentioned above provide impor-
tant insights into understanding the use of differ-
ent methods to forecast hospital visits, it is crucial to
acknowledge certain limitations in the existing stud-
ies. One notable gap is the lack of research examining
the usage of environmental predictors. To bridge this
gap, we aim to conduct a systematic review to critically
appraise studies that use ML and DL in the volumet-
ric prediction of hospital visits and admissions, using
well-established environmental predictors. We aimed
to answer the following questions:
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1. How has ML been applied to predict the number of
hospital visits and admissions?

2. What are the major environmental predictors of hos-
pital visits and admissions?

A narrative analysis of the included studies was
conducted to explore the findings and guide
decision-making.

Methodology

This systematic review was conducted in accordance with
the PRISMA statement (Page et al. 2021) and the Check-
list for Critical Appraisal and Data Extraction for System-
atic Reviews of Prediction Modeling Studies (CHARMS)
(Moons et al. 2014). The Risk of bias (RoB) and the con-
cerns regarding the applicability were assessed based
on the Prediction model Risk Of Bias ASsessment Tool
(PROBAST) (Wolff et al. 2019). The review protocol is
registered on the International Prospective Register of
Systematic Reviews (PROSPERO) under the registration
number: CRD42023390400.

Search strategy

We selected PubMed as the primary database since it is
the preferred choice among researchers in health sciences
and clinicians for conducting literature reviews (Lam and
McDiarmid 2016; Vassar et al. 2017). To ensure compre-
hensive coverage, we also included Embase, as it has been
demonstrated that Embase and PubMed complement
each other in literature searches (Frandsen et al. 2021;
Woods and Trewheellar 1998). Additionally, we included
IEEE Xplore, which has been cited significantly more
frequently than other Science, Technology, Engineering,
and Mathematics (STEM) journal databases—such as the
ACM Digital library, Engineering Village, and MathSci-
Net-between 2000 and 2019, indicating that computer
scientists are frequently using this resource in research
(Tomaszewski 2021). Combining these three databases
ensures a multidisciplinary and comprehensive literature
search, capturing both health, clinical, and technological
perspectives relevant to our research questions.

In terms of the inclusion period, we opted for Janu-
ary 1st, 2012, to March 03rd, 2025, as it aligns with
significant trends in the field. The increase in ML pub-
lications has been particularly pronounced since 2012,
with a nearly sevenfold rise since 2015 (Nestor Maslej
et al. 2024). By focusing on studies published during
this period, we ensure that our review incorporates the
most recent and relevant studies, reflecting the rapid
advancements and evolving trends in ML applications.
In addition, the search was based on all fields (e.g., titles,
abstracts, metadata, and full-text). The search strategy
for this systematic review was developed using medical
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subject headings (MeSH) terms and text keywords
related to hospital visits and admissions using ML and
DL together with air pollution and weather environ-
mental predictors. The search queries were developed in
PubMed and adapted for the other databases. The que-
ries are presented in Table 4 of Appendix A. Additional
filters, such as “Journals and Conferences” were used for
the search in the IEEE Xplore database. After retrieving
relevant articles, we excluded duplicated and ineligi-
ble articles (Conference Abstracts, Tables of Contents,
Conference Programs, Conference Guides, Organizing
Committees, Conference Speakers, Indexes, and Edito-
rial Boards) marked by automation tools developed in
Python. Then, based on the inclusion criteria, we per-
formed a manual screening. The screening consisted
of two steps: (i) Title and abstracts, and (ii) Full-text
screening of articles obtained if identified to meet cri-
teria. Two reviewers, LMM and EC, independently per-
formed this screening process. LMM screened 100% of
the articles, and EC screened 20% of randomly selected
articles. In cases where LMM and EC had conflicting
screening decisions, the authors DMB and MSH were
designated for conflict resolution.

Selection criteria
We included full-text English-language studies meeting
the following criteria:

« Focus on hospital visits or admissions prediction;

+ Use environmental predictors, including air pollu-
tion, meteorological factors, or both;

+ Use ML models.

Reviews and surveys were excluded.

Summary measures

Knowing the number of outcome events relative to the
number of independent variables analyzed in a model,
also known as the Events Per Variable ratio (EPV), and
the sample size is essential when mitigating the risk of
over-fitting during the study design phase (Peduzzi et al.
1996). Thus, whenever the EPV was missing, we com-
puted it by utilizing the time period covered by the data
used in the study and the outcome granularity (e.g., daily,
weekly, yearly) to estimate the total number of obser-
vations. Then, we divided this value by the total num-
ber of candidate predictors, yielding the estimated EPV
(e-EPV).

Data extraction

From selected articles, we used CHARMS, a checklist
designed to offer a systematic method for extracting data,
ensuring a consistent capture of all pertinent information.
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This checklist comprises 11 key domains: source of data, par-
ticipants, outcome predicted, candidate predictors, sample
size, missing data, model development, model performance,
model evaluation, results, interpretation, and discussion
(Moons et al. 2014). Additionally, the RoB was assessed using
PROBAST (Wolft et al. 2019). The key domains adopted
by PROBAST are aligned with the domains included in
CHARMS. It contains four key domains: participants, pre-
dictors, outcome, and analysis. Data extraction and RoB
were performed by a single reviewer (LMM) and supervised
by the reviewer EC.

Results

The Fig. 1 shows the Preferred Reporting Items for Sys-
tematic reviews and Meta-Analyses (PRISMA) flow-
chart summarizing the selection process. Following the
database search, we retrieved 334 records. After auto-
matic filtering, the remaining 301 records underwent
title and abstract screening. One hundred ninety-eight
records were excluded. The remaining 103 records
underwent full-text screening. Sixty-seven articles were
excluded since they did not match the inclusion crite-
ria. No conflicts occurred during the screening process,
making further consultation unnecessary. The remain-
ing 36 articles were included in our analysis.

]

Records identified through

database searching Records removed before

screening
Duplicate records
(n=13)
Records marked as ineligible by
automation tools

(n=334)
(Embase n = 36)
(PubMed n = 126)

(IEEE Xplore n=172)

v

Identification

(n=20)
— |
Records screened Records excluded
——->
(n=301) (n=198)
. |
i Full-text articles assessed for
< igibili >
§ ?:g:'l;gg g Full-text articles excluded
n Not focused on hospital flow
prediction
(n=31)
Did not use environmental
predictors
(n=34)
Not ML/DL
S (n=2)

)

Studies included in review
(n=36)

Included

Fig. 1 The study selection process was performed via three steps:
identification, screening, and inclusion. In the identification step,

we searched three different databases. We removed duplicates
automatically and removed records marked as ineligible

by automation tools. Next, we screened the studies found using

a two-stage process and removed studies using pre-defined selection
criteria. The flowchart is adapted from the PRISMA statement
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CHARMS extraction results
In this section, we show the results of data extraction
using CHARMS (Moons et al. 2014).

Data sources, participants and outcomes

This review included 36 studies that used data from mul-
tiple existing registries (e.g., administrative or routine
care hospital databases). Fig 2 shows the high heteroge-
neity of the data types used and how they were combined
among different studies. These studies combined several
types of data sources that we categorized into eleven
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categories: air pollution, remote sensing, i.e., data col-
lected without making physical contact with the object
(e.g., satellite data), weather, calendar (e.g., day of the
week, holidays, etc.), time series features (e.g., kurto-
sis, skewness, etc.), public health trends (e.g. influenza,
acute diarrhea, respiratory infection, etc.), land use (e.g.,
energy, roads, built surface, etc.), hospital visits/beds,
website searches, demographic-socioeconomic, and oth-
ers not described by authors.

Regarding the study population, patient selection crite-
ria included single or multiple reasons for hospital visits

Sciannameo et al (2022) I—————— I
Hu et al (2020) BT
Usmani et al (2021 I
Jing et al (2020) MWW e
Stonko et al (2018 I
Zhang et al (2018) T —
Khatri and Tamil (2017) Iy
Hovland et al (2013) | o ey e
Duwalage et al (2020) P
Tuominen et al (2022) Fmm e .
Ogata et al (2021 ) [ —
Qiu et al (2020) M
Chen et al (2019) N
Meng et al (2015) F
Tavera Busso et al (2021 [ D
Ram et al (2015 ) |y .
Huang et al (2020) | —
Medina Quero et al (2018) I —
Moustris et al (2012) I
de Souza Tadano et al (2016) I
inetal (2021 I
Lu and Qiu (2023) s e
Mossop et al (2023) FE T —
Siqueira et al (2023) T E——
Gafni-Pappas and Khan (2023) s e .
Song et al (2022) N
Cengiz an Terzi (2012)
Chou-Chen and Barboza (2024) 0
Guo et al (2024) BN ——
Zhong et al (2024) N—_————Ee
Yang et al (2025) e
de Souza Tadano et al (2024) BNy
Mutlu et al (2024) By
Kurucz et al (2024) B e
Susmann et al (2025 T S —_—
Cappelli et al (2024) N
0 20 40 60 80 100
B air pollution mm others
= hospital (visits/beds) B land use
remote sensing mmm public health trends
[ weather mmm website (visits/searches/text posts)
mmm calendar mmm demographic-socioeconomic
[ time series features (std, avg, kurtosis, skewness, etc)

Fig. 2 Distribution of predictor types used in each study. These types include air pollution, hospital visits and number of beds, weather, calendar,

time series features, etc
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and admissions. Most studies focused on patients diag-
nosed with respiratory and circulatory system diseases.
In some studies, patients were selected based on diag-
noses generated in the ED (e.g., ICD-10 diagnosis code),
whereas in other studies, patients were selected based
on the department to which they were admitted. The
total count of studies for each subspecialty is presented
in Fig. 3. We grouped them into four main categories: all
subspecialties, diseases of the respiratory system, circula-
tory system, and other subspecialties.

Regarding geography, data from eighteen locations
were found across studies; see Fig. 4. Most studies were
located in China (28%), followed by the USA (14%).

The studies used datasets from 2001 to 2021. Table 1
presents the study period for each study. Most studies
(28%) used data that began in 2015, and 19% had the end
period in 2019. In most studies, the predicted outcome
was the count of admissions or visits. However, seven
studies (Khatri and Tamil 2017; Hovland et al. 2013; Qiu
et al. 2020; Chen et al. 2019; Meng et al. 2015; Ram et al.

Neurology

Abdominal pain
Trauma

Heatstroke
Constipation
Otolaryngology
Gynecology
Orthopedics

Rescue Unit

Infectious and Parasitic
Symptoms and Signs
Blood and Immune System
NMD

Mental Health
Respiratory

COPD (Allied Conditions)
Asthma

Respiratory Infection
COVID-19

Sinusitis

Bronchitis
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2015; Medina Quero et al. 2018) rather considered an
ordinal outcome representing the hospital demand (e.g.,
normal, high, extreme). Additionally, the granularity of
aggregation of the data (e.g., hourly, daily, etc.) and the
forecast horizon (FH), i.e., the length of time forecasts
are made, varied between studies (Table 1).

Ten studies forecasted < 7 steps ahead, i.e, seven steps
after the last input used for training (Sciannameo et al.
2022; Hu et al. 2020; Meng et al. 2015; Medina Quero
et al. 2018; Moustris et al. 2012; de Souza Tadano et al.
2016; Mossop et al. 2023; Zhong et al. 2024; Kurucz
et al. 2024; Susmann et al. 2025). Additionally, twelve
studies forecasted > 8 and < 99 steps ahead (Usmani
et al. 2021; Duwalage et al. 2020; Tuominen et al. 2022;
Meng et al. 2015; Ram et al. 2015; Lin et al. 2021; Cen-
giz and Terzi 2012; Chou-Chen and Barboza 2024; Guo
et al. 2024; Zhong et al. 2024; Mutlu et al. 2024; Kurucz
et al. 2024). Furthermore, fourteen studies forecasted >
100 and < 365 steps ahead (Jing et al. 2020; Stonko et al.
2018; Zhang et al. 2018; Duwalage et al. 2020; Qiu et al.

Other Subspecialties

Diseases of the Respiratory System
mmm Diseases of the Circulatory System
mmm All Subspecialties

CVD I—
Cl| I

IHD I

CD I
Hemorrhagic Stroke
STEMI/NSTEMI| s
Unstable angina I
ICH .
SAH s

General I

1 2

3 4 5 6 7 8 9 10

Fig. 3 Total count of studies for each medical subspecialty. Cardiovascular Disease (CVD), Chronic Obstructive Pulmonary Disease (COPD),
Cerebrovascular Disease (CD), Cerebral Infarction (Cl), Endocrine, nutritional, and metabolic disorder (ENMD), Ischemic Heart Disease (IHD),
Intracerebral Hemorrhage (ICH), Subarachnoid Hemorrhage (SAH), non-ST-elevated Myocardial Infarction and ST-Elevated Myocardial Infarction

(STEMI/NSTEMI)
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-10

Fig. 4 Geographic distribution of the studies in this review. One article was found for each location: Argentina, Australia, Canada, Costa Rica,
Finland, Greece, Japan, Malaysia, Singapore, Spain, Taiwan, and the Netherlands. Ten articles were located in Continental China, five in the USA, three

in Brazil, and two in France, Italy, and Turkey

2020; Chen et al. 2019; Tavera Busso et al. 2021; Lin et al.
2021; Lu and Qiu 2023; Gafni-Pappas and Khan 2023;
Song et al. 2022; Zhong et al. 2024; Yang et al. 2025;
de Souza Tadano et al. 2024). Lastly, three studies fore-
casted > 366 steps ahead (Hovland et al. 2013; Ogata
et al. 2021; Cappelli et al. 2024). We could not determine
the FH adopted in the studies (Khatri and Tamil 2017;
Siqueira et al. 2023). Only two studies focused on hourly
forecasting, seven on weekly forecasting, two on monthly
forecasting, and twenty-eight on daily forecasting.

Candidate predictors and sample size

The number of candidate predictors, including feature-
engineered (i.e., predictors generated through different
transformations applied to the raw data) and lagged
predictors (i.e., predictors derived from past values of
a time series), ranged from 1 to 920. Studies employed
candidate predictors within different ranges: 1-9 (Mos-
sop et al. 2023; Stonko et al. 2018; Zhang et al. 2018;
Huang et al. 2020; Siqueira et al. 2023; Meng et al.
2015; Usmani et al. 2021; Duwalage et al. 2020; Mou-
stris et al. 2012; Lin et al. 2021; Khatri and Tamil 2017;
Hovland et al. 2013; Ram et al. 2015; Cengiz and Terzi
2012; de Souza Tadano et al. 2024; Mutlu et al. 2024;
Cappelli et al. 2024), 12-33 (de Souza Tadano et al.

2016; Jing et al. 2020; Qiu et al. 2020; Gafni-Pappas and
Khan 2023; Ogata et al. 2021; Medina Quero et al. 2018;
Tuominen et al. 2022; Song et al. 2022; Chou-Chen and
Barboza 2024; Zhong et al. 2024; Yang et al. 2025; Sus-
mann et al. 2025), and 75-266 (Sciannameo et al. 2022;
Lu and Qiu 2023; Chen et al. 2019; Tavera Busso et al.
2021; Guo et al. 2024; Kurucz et al. 2024). In addition,
the study with the highest number of candidate predic-
tors was the study presented by Hu et al. (2020), with
920 candidate predictors. These predictors were gen-
erated by extracting various time series features from
eleven distinct time series, including mean, standard
deviation, and kurtosis.

The most used air pollution candidate predictors were
PM10, NO2, SO2, O3, CO, and PM2.5, mainly consist-
ing of daily average values from one or multiple monitor-
ing stations. We show the air pollutants and atmospheric
predictors used in Fig. 5. Regarding the atmospheric can-
didate predictors, most studies used variables generated
from temperature, including daily maximum, daily mini-
mum, and daily mean values from one or more monitor-
ing stations. Additionally, other candidate predictors,
such as thermal amplitude, visibility, snow depth, signifi-
cant tornado parameter, and daily planetary boundary
layer, were observed in at least one study as part of the
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Table 1 Characteristics of the included studies
Author (year) Subspecialty Location Study Period  Granularity FH Lag e-EPV Model
population
Sciannameo etal. COVID-19 [taly 3110 2020-21 Daily 0-7 0 46 CNN-LSTM
(2022) 14
28
Hu et al. (2020) CVD China NR 2015-17  Daily 7 1-28 1 Stacking Ensemble
IHD LR
CcD SVR
XGBoost
RF
GBDT
Usmani et al. CvD Malaysia NR 2006-16  Monthly 0-40 0 19 LSTM
(2021) Respiratory 2009-16 0-29 13 ELSTM
diseases 2010-16 0-24 11 ANN
VAR
Jingetal (2020)  Department China 486 137 2015-18 Daily 1-210 0 81 GRU
of Trauma SARIMA
Otolaryngology
Gynecology
Abdominal Pain
Orthopedics
Neurology
Comprehensive
Department
Rescue Unit
Stonko et al. Trauma USA 10612 2013-16  Daily 1-164 0 274 ANN
(2018)
Zhang et al. General China NR 2012-13  Daily 1-184 0 183 ETS
(2018) Hybrid ETS-LR
Hybrid ETS-ANN
Khatriand Tamil ~ Asthma USA NR 2011-13  Daily NR 3-7 200 MLP
(2017) COPD
Other respiratory
conditions
Hovland et al. COPD USA 453082 2001-06  Daily 1-2 921 0 324 GLM
(2013) 2009-11 MARS
RF
Duwalage et al. General Australia 1525301 2009-15  Daily 14 0 365 GAM
(2020) 90 GLM
365 MLR
SARIMA
RF
Tuominen et al. General Finland 386579 2015-19  Daily 0-28 0-1 9 ARIMA
(2022) ARIMAX
Naive
Snaive
RF
LMS
RLS
Ogata et al. (2021) Heatstroke Japan NR 2015-18 12-hours 1-730 0 110 GLM
1770 GAM
RF
XGBoost
Qiu et al. (2020) CVvD China NR 2015-17  Daily 1-219 0-6 73 Logistic Regression

SVM

ANN

RF
XGBoost
LightGBM
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Table 1 (continued)

Author (year) Subspecialty Location Study Period  Granularity FH Lag e-EPV Model
population
Chenetal (2019) Hemorrhagic China 1932 2015-17  Daily 1-111 1-14 139 Logistic Regression
Stroke RF
SVMLinear
KNN
XGBTree
XGBLinear
Meng et al. (2015) Neurology depart- China 2180 2012-14  Daily 1-70 0 8 MLP
ment: 1-5 122
cl
ICH
SAH
Tavera Busso et al. Respiratory Argentina 1612049 2005-11  Daily 1-256 -7 67 MLR
(2021) diseases GLM
GAM
DRF
XRT
GBM
Rametal. (2015)  Asthma USA NR 2013 Daily 1-9 0 10 DT
NB
SYM
ANN
ANN (Adaptive
Boosting)
Stacking Ensemble
(ANN, DT)
Huang et al. COPD China 20 000 2015-18  Weekly 1-16 0 39 MLWLR
(2020) (Kernels:
Gaussian,
Exponential,

and Laplacian)
with K-means
clustering

Medina Quero COPD Spain NR 2015-16  Daily 0 0 29 LST™M
etal. (2018) 1

Moustris et al. Asthma Greece 3602 2001-04  Weekly 1 0 30 TLRN
(2012)

de SouzaTadano  Respiratory Brazil NR 2007-09  Daily 1 0-7 219 ELM
etal. (2016) diseases ESN
MLP

Linetal.(2021)  CVD Taiwan 10306 2009-13  Daily 1-365 0 37 LSTM
Weekly 1-52 260

Luand Qiu (2023) CD China 102 708 2015-18  Daily 1-365 -6 69 RF
Stroke GBDT
RG
ANN
LST™M
Stacking Ensemble
(w/elastic net)

Mossop et al. Mental Health Canada NR 2014-21  Weekly 1 0 2872 ARIMA

(2023) 1-4 574 SARIMA
CNN
LST™M
BiLSTM
Hybrid CNN-LSTM
Hybrid CNN-BiLSTM
Hybrid SCNN-
BiLSTM
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Table 1 (continued)
Author (year) Subspecialty Location Study Period  Granularity FH Lag e-EPV Model
population
Siqueira et al. Respiratory Brazil 175949 2014-16  Daily NR 0-7 219 GLM
(2023) diseases 2017-19 ELM
ESN
Hybrid ELM-ESN
Gafni-Pappas General USA NR 2017-19  Daily 1-365 0 55 ARIMA
and Khan (2023) ETS
FP
RF
XGBoost
Hybrid FP-XGBoost
Song et al. (2022)  Respiratory China NR 2016-19  Daily 1-365 3-7 162 ANN
diseases
CengizandTerzi  Respiratory Turkey NR 2007-09  Weekly 1-26 0 52 GLM
(2012) diseases GAM
ANN
Chou-Chen Respiratory CostaRica  NR 2001-19  Weekly 1-52 0 40 RF
and Barboza diseases 1 Xgboost
(2024) 2 Facebook Prophet
10 Ensemble
Guo et al. (2024) Infectious Singapore NR 2009-18  Weekly 1-8 -4 3 Naive
and parasitic AR
disease RF
Respiratory infec- GBM
tions Hybrid LSTM-CNN
Ensemble
Zhong et al. [@Yp) France 58691 2015-19  Hourly 3 hours 0 166 ARIMA
(2024) Respiratory Daily 6 hours 1 545  GBM
diseases Monthly 12 hours 2 3984  RNN
Neurological 1-365days 3 LSTM
diseases 1-12 months
Symptoms
and signs
Blood
and immune
system diseases
Endocrine, nutri-
tional, and
metabolic disor-
ders
Yang et al. (2025) CI China 42 849 2016-20 Daily 1-313 1 104 RF
2 LSTM
3
de SouzaTadano  CVD Brazil NR 2011-13  Daily 1-100 0 98 ELM
etal. (2024) Respiratory 2015-16 1 ESN
diseases MLP
RBF
Mutlu et al. (2024)  Asthma Turkey 19674 2017-19  Daily 1-13 0 22 MLP
Bronchitis 1 ARIMA
Sinusitis GLM
Respiratory infec-
tions
Kurucz et al. IHD Netherlands 214 953 2010-17  Daily 1 1-14 21 MLR
(2024) UA 3 RF
NSTEMI 7
STEMI 30
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Table 1 (continued)

Author (year) Subspecialty Location Study Period  Granularity FH Lag e-EPV Model
population

Susmann et al. General France NR 2014-18  Daily 1 101 Naive
(2025) 7 BJML
ARIMA
ARIMAX
QR
QGAM
GRF
DRF
GBM
Ensemble

Cappelliet al. [@Yp) [taly NR 2013-21 Daily 1-657 0 470 RF

(2024) Respiratory
diseases

Artificial Neural Network (ANN), Autoregressive model (AR), Autoregressive Integrated Moving Average (ARIMA), Autoregressive integrated moving average

with exogenous features (ARIMAX), Daily Minimal Bed Requirement (BJML; Besoin Journalier Minimal en Lits), Bidirectional Long Short-Term Memory (BiLSTM),
Convolutional Neural Network (CNN), Convolutional Long-Short Term Memory (CNN-LSTM), Distributed Random Forest (DRF), Decision Trees (DT), estimated
Events-per-variable (e-EPV), Extreme Learning Machines (ELM), Error-Trend-Seasonal (ETS), Echo State Networks (ESN), Generalized Additive Model (GAM),
Gradient Boosting Machine (GBM), Gradient Boosting Decision Tree (GBDT), Generalized Linear Model (GLM), Gated Recurrent Unit (GRU), Generalized Random
Forests (GRF), k-nearest neighbors algorithm (KNN), Linear Regression (Linear Regression), Long Short-Term Memory (LSTM), enhanced LSTM (ELSTM), Least Mean
Squares (LMS), Locally Weighted Linear Regression (LWLR), Multiple Locally Weighted Linear Regression (MLWLR), Multivariate Adaptive Regression Splines (MARS),
Multilayer Perceptron (MLP), Multiple Linear Regression (MLR), Not Reported (NR), Naive Bayes (NB), Recursive Least Squares (RLS), Random Forest (RF), Radial
basis function network (RBF), Ridge Regression (RG), Recurrent neural networks (RNN), Quantile regression (QR), Quantile Generalized Additive Model (QGAM),
Seasonal Autoregressive Integrated Moving Average (SARIMA), Seasonal Naive (Snaive), Support Vector Machine (SVM), Support Vector Regression (SVR), Stacked-
dilated-causal BiLSTM (SCNN-BiLSTM), Time Lagged Recurrent Networks (TLRN), eXtreme Gradient Boosting (XGBoost), Extremely Randomized Trees (XRT), Vector
Autoregression (VAR)

. Air Pollution
Atmospheric
Temperature
Cloud (n=3 2)
(n=4) Dew
Point
(n=5)
RH )
(n=18) Others Alr
(n=1 1 ) Pressure
(n=9)
Solar
Radiation .
(n=5) Rainfall Wind
(n=15) (n=14)
Fig. 5 Total count of the use of air pollution and atmospheric candidate predictors of studies
predictor set. Moreover, relative humidity, rainfall, wind, Nineteen studies used lagged predictors. The lags used

solar radiation, air pressure, dew point, and cloud were ranged from 0 to 28 days across studies. Most studies
used as atmospheric candidate predictors. The Table 5 of  included immediate lags and lags up to the seventh day
Appendix B shows all the predictors used. (Table 1).
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When it comes to data transformation, six studies
used z-score normalization (Sciannameo et al. 2022;
Hu et al. 2020; Ram et al. 2015; Siqueira et al. 2023;
de Souza Tadano et al. 2024; Kurucz et al. 2024), four
used logarithmic transformation (Zhang et al. 2018;
Hovland et al. 2013; Huang et al. 2020; Chou-Chen and
Barboza 2024), and four used min-max normalization
(Hu et al. 2020; Lu and Qiu 2023; Yang et al. 2025; Mutlu
et al. 2024). These transformations can approximate the
data distribution to a normal distribution, and in some
cases, they can reduce the variability of data (Feng et al.
2014). In one particular study (Ram et al. 2015), Twitter
data was transformed by calculating the ratio of asthma-
related tweets to the total number of tweets in the gen-
eral Twitter stream collected from the same geographic
area. This transformation was achieved using the term
frequency-inverse document frequency algorithm (TEF-
IDF). One study (Song et al. 2022) used average sliding
windows to reduce the noise in the data, one (Cappelli
et al. 2024) used seasonal-trend decomposition using
locally estimated scatterplot smoothing (STL), and one
used quadratic (Cengiz and Terzi 2012) transformation.
The others did not mention any data transformation.

The datasets used varied in time span and study popu-
lation size (Fig. 6). The time span used for learning var-
ied from 50 to 6939 days, which corresponds to 1-231
months and 0-19 years. Most studies used < 1461 days
of data (42%) and >2271 days (25%). Most studies did not
report the study population size (50%). Moreover, consid-
ering the time in days, the estimated patient per day ratio
is mostly < 51 (11%), and < 145 among studies (11%).
Furthermore, concerning the sample size, most studies
had e-EPV >20 and < 100. Ten studies had an e-EPV <
20, six had e-EPV values > 100 and < 200, and nine had
e-EPV>200.

<731
=50770

>2271

<1461

Number of days

Fig. 6 Number of days, study population size, and patient per day ratio

>343672
8%
6%

Study Population Size
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Missing data

In most studies (61%) the missing values information was
not reported (Sciannameo et al. 2022; Usmani et al. 2021;
Jing et al. 2020; Zhang et al. 2018; Ogata et al. 2021; Chen
et al. 2019; Meng et al. 2015; Tavera Busso et al. 2021;
Ram et al. 2015; Huang et al. 2020; Medina Quero et al.
2018; Moustris et al. 2012; de Souza Tadano et al. 2016;
Lin et al. 2021; Mossop et al. 2023; Siqueira et al. 2023;
Cengiz and Terzi 2012; Chou-Chen and Barboza 2024;
Guo et al. 2024; Zhong et al. 2024; Yang et al. 2025; Mutlu
et al. 2024). Regarding data imputation, four studies (Hu
et al. 2020; Qiu et al. 2020; Lu and Qiu 2023; Susmann
et al. 2025) applied linear interpolation, and three stud-
ies (Stonko et al. 2018; Khatri and Tamil 2017; Susmann
et al. 2025) removed records with missing values. One
study (Hovland et al. 2013) used Holt-Winters smooth-
ing forward and backward. One study (Duwalage et al.
2020) used KNN, and one study (Tuominen et al. 2022)
imputed missing values for a predictor using a constant
zero. Concerning the information on missing value pro-
portions, only nine studies (Stonko et al. 2018; Khatri and
Tamil 2017; Hovland et al. 2013; Duwalage et al. 2020;
Qiu et al. 2020; Gafni-Pappas and Khan 2023; Kurucz
et al. 2024; Susmann et al. 2025; Cappelli et al. 2024)
mentioned the predictors with missing values and their
respective percentages of missing values. In addition, one
study (Hu et al. 2020) mentioned the overall percentage
of missing values.

Model development

In Fig. 7, we present all models found in this system-
atic review. We classify the models into eight catego-
ries: regression, autoregression, ML, gradient boosting,
feedforward neural networks (FNN), recurrent neu-
ral networks (RNN), hybrid, and others, and discuss
their advantages and limitations in Section 3.2. ML and
regression models were the categories most adopted
across studies. Among the most frequently used models,

<343672 =502

=3380

=10382

Not reported

Not reported

Patient per day (ratio)
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Fig. 7 Total count of model types used across studies

random forest (RF) was found in 15 studies, and FNN
was used in 13 studies. In addition to FNN, we found a
convolutional neural network (CNN) in one study. Fur-
thermore, we found various derivations of DL such

(2025) 14:12
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as RNN, including echo state networks (ESN), gated
recurrent unit (GRU), time-lagged recurrent networks
(TLRN), long short-term memory (LSTM), enhanced
LSTM (ELSTM), and bidirectional LSTM (BiLSTM).
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Hybrid approaches such as CNN-LSTM, CNN-BiLSTM,
and stacked CNN-BIiLSTM (SCNN-BiLSTM) were also
found.

The most commonly used models for each category
were general linear model (GLM) for regression, LSTM
for RNN, RF for ML, CNN-LSTM for a hybrid approach,
XGBoost for gradient-boosting, conventional feed-for-
ward neural networks for FNN, ARIMA, and SARIMA
for autoregressive models. Naive and exponential
smoothing (ETS) for other types of models.

A list of the models used in each study is presented in
Table 1. In addition, Fig. 8 presents the total number of
articles included in this systematic review grouped by
the year of publication and the total number of models
used grouped by year and model type. A peak of seven
studies was observed in 2024, including different model
types such as regression, autoregression, ML, gradient
boosting, FNN, and RNN. In addition, we noticed the
emergence of hybrid models in 2018, gradient boosting

Publications

Regression

RNN

Other

ML

Hybrid

Gradient Boosting
FNN
Autoregression

Models
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in 2019, and autoregressive models in 2020. Other mod-
els, such as ML, FNN, and RNN, were used intermittently
from 2012 to 2025. No studies were found for the year
2014.

Predictor selection, including lag range selection, var-
ied across studies and was applied to select the most
relevant features, reduce multicollinearity, and improve
computational efficiency. Since most studies used more
than one model, authors opted for using one or more
predictor selection approaches. Five studies used Pear-
son correlation (Tavera Busso et al. 2021; Ram et al.
2015; Huang et al. 2020; Medina Quero et al. 2018;
Cappelli et al. 2024), two used Chi-squared test (Hov-
land et al. 2013; Tavera Busso et al. 2021), five used least
absolute shrinkage and selection operator (LASSO)
(Chen et al. 2019; Tavera Busso et al. 2021; Gafni-Pap-
pas and Khan 2023; Guo et al. 2024; Kurucz et al. 2024),
one used Spearman’s correlation (Tavera Busso et al.
2021). In addition to the Chi-squared test, Hovland

7
5)
4 4
3 3
lellnlll-llz

2012 2013 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 2025

Fig. 8 Publications by year, and the total of model types used grouped by year and model type
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et al. (2013) used GLM Maximum likelihood tests to
identify significant factors (p<0.05) and RF feature
importance based on the Gini criterion. Moreover,
Song et al. (2022) used the results of DL models to
determine the correlation between multiple combi-
nations between two predictors, and Qiu et al. (2020)
used a generalized additive model (GAM) with general-
ized cross-validation to select the lag range.

The study presented by Hu et al. (2020) used mul-
tivariate adaptive regression splines (MARS) internal
test to identify the important predictors and early stop-
ping method for sequential forward floating selection
(SFES). Tavera Busso et al. (2021), when using GAM,
the final model was obtained after excluding predictors
with a p-value>0.1. Tuominen et al. (2022) used simu-
lated annealing (SA) and floating search (FS). In the study
presented by Ogata et al. (2021), optimal predictors were
selected through recursive feature elimination, i.e., by
removing the weakest features until a certain number of
features was reached. Ram et al. (2015) used backward
feature selection. Six studies (Sciannameo et al. 2022;
Jing et al. 2020; Zhang et al. 2018; Lin et al. 2021; Mos-
sop et al. 2023; de Souza Tadano et al. 2024) conducted
multiple experiments to find the best combination of
predictors, optimal lag or time steps, and the best model
structure (e.g., the best number of layers in an artificial
neural network). Other studies did not report predictor
selection methods.

Model performance, evaluation, and results

The evaluation of models relied on several metrics.
Studies usually used more than one evaluation metric.
In Fig. 9, we present how these metrics have been used
across studies. For regression tasks, the RMSE and MAPE
were the most used metrics. For classification tasks, the
predominant metrics used were accuracy, the area under
the curve (AUC) or the area under the receiver operating
characteristic curve (ROC), sensitivity, and precision.

All the studies found in this review focused on devel-
oping prediction models with internal validation, i.e.,
through some form of re-sampling technique such as
cross-validation, bootstrapping, etc. Seventeen studies
(Usmani et al. 2021; Zhang et al. 2018; Khatri and Tamil
2017; Hovland et al. 2013; Duwalage et al. 2020; Tuominen
et al. 2022; Tavera Busso et al. 2021; Moustris et al. 2012;
Lin et al. 2021; Siqueira et al. 2023; Song et al. 2022; Cen-
giz and Terzi 2012; Chou-Chen and Barboza 2024; Zhong
et al. 2024; Yang et al. 2025; Kurucz et al. 2024; Cappelli
et al. 2024) adopted a simple train and test split. Six (Scian-
nameo et al. 2022; Stonko et al. 2018; de Souza Tadano
et al. 2016; Meng et al. 2015; de Souza Tadano et al. 2024;
Mutlu et al. 2024) used a train, validation, and test split.
Ten (Jing et al. 2020; Chen et al. 2019; Ram et al. 2015;
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Huang et al. 2020; Medina Quero et al. 2018; Hu et al.
2020; Ogata et al. 2021; Qiu et al. 2020; Lu and Qiu 2023;
Gafni-Pappas and Khan 2023) used k-fold cross-validation.
The predominant choice for the number of validation folds
in the studies was 5 and 10. Study (Qiu et al. 2020) used
Stratified Random Sampling when using cross-validation.
Seven studies (Sciannameo et al. 2022; Duwalage et al.
2020; Tuominen et al. 2022; Medina Quero et al. 2018;
Mossop et al. 2023; Guo et al. 2024; Susmann et al. 2025)
reported using rolling origin forecasting as a training strat-
egy. This approach consists of successively updating the
point from which forecasts are generated, also known as
the forecasting origin, to produce forecasts from the new
origin (Tashman 2000). Among them, Medina Quero et al.
(2018) adopted a sliding window of size 30 days.

Regarding the results presented in each study, com-
paring the different models used was impossible due to
differences in the datasets, train/test/validation splits
adopted, FHs, study population sizes, and evaluation
metrics. However, in Fig. 10, we present the models
most frequently selected in each study for studies with
daily granularity, along with their respective FHs. For
longer FHs, RF and GLM were commonly selected. For
FHs between 32 and 365 days, GRU and FNN appeared
frequently. For FHs between 8 and 31 days, FNN and LR
were often selected. Finally, for FHs of 7 days or less, LR
and Ensemble models were the most selected.

Interpretation and discussion

Fifteen studies (Hu et al. 2020; de Souza Tadano et al.
2016; Siqueira et al. 2023; Song et al. 2022; Jing et al.
2020; Stonko et al. 2018; Zhang et al. 2018; Hovland et al.
2013; Ram et al. 2015; Medina Quero et al. 2018; Lin et al.
2021; Mossop et al. 2023; Gafni-Pappas and Khan 2023;
Cengiz and Terzi 2012; Zhong et al. 2024) did not discuss
comparisons with other studies. Among them, five (Hu
et al. 2020; de Souza Tadano et al. 2016; Siqueira et al.
2023; Song et al. 2022; Cengiz and Terzi 2012) did not
discuss study limitations.

Availability of code and dataset

The lack of research reproducibility in various domains of
study poses a challenge to generating reliable knowledge
bases to support decision-making. This section lists the
code and dataset availability for each study included in
this systematic review.

Only seven studies (Table 2) made their code available
(Duwalage et al. 2020; Tuominen et al. 2022; Ogata et al.
2021; Siqueira et al. 2023; Chou-Chen and Barboza 2024;
Guo et al. 2024; Susmann et al. 2025). The link provided
by Duwalage et al. (2020) to access the code implementa-
tion is no longer accessible.
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Fig. 9 Total count of evaluation metrics used across studies. Root-mean-square error (RMSE), mean absolute percentage error (MAPE), mean
absolute error (MAE), mean squared error (MSE), mean bias error (MBE), residual mean square deviation (RMSD), mean observed value (MOV), mean
absolute scaled error (MASE), total absolute percentage error (TAPE), correlation coefficient (R), R-squared (R?), and adjusted R-squared (Rgd/)

Five of the studies (Moustris et al. 2012; Lin et al. 2021;
Song et al. 2022; Cengiz and Terzi 2012; Mutlu et al.
2024) did not provide the air pollution datasets used.
One study (Chou-Chen and Barboza 2024) provided
direct access to air pollution data. The remaining studies
shared information about public data providers, allow-
ing for extraction or requesting access to the air pollution
datasets. It should be noted that the air pollution datasets
provided by Usmani et al. (2021); de Souza Tadano et al.
(2016) are no longer accessible through the links pro-
vided by the authors.

Among the studies, eight (Chen et al. 2019; Meng
et al. 2015; Moustris et al. 2012; Lin et al. 2021; Mos-
sop et al. 2023; Song et al. 2022; Yang et al. 2025; Mutlu
et al. 2024) did not share the atmospheric data used,

and the atmospheric data provided by de Souza Tadano
et al. (2016) was no longer accessible. Five studies
(Ogata et al. 2021; Siqueira et al. 2023; de Souza Tadano
et al. 2024; Kurucz et al. 2024; Cappelli et al. 2024)
stated that their atmospheric data are accessible on rea-
sonable request to authors. All the other studies pro-
vided public data provider information, enabling the
extraction or request for accessing the atmospheric
dataset.

Regarding hospital data, only two studies (Tuominen
et al. 2022; Chou-Chen and Barboza 2024) shared their
dataset with direct access. Six studies (Ogata et al. 2021;
Qiu et al. 2020; Siqueira et al. 2023; de Souza Tadano et al.
2024; Kurucz et al. 2024; Cappelli et al. 2024) mentioned
that their hospital datasets are available upon reasonable
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Fig. 10 Models most frequently selected in each study and their respective FHs, for studies having daily granularity

request. The other three studies (de Souza Tadano et al.
2016; Lin et al. 2021; Lu and Qiu 2023) provided public
data provider information, allowing for the extraction or
requesting access to the hospital data.

While making the code and data available to
the public may not be a sufficient guarantee of
reproducibility and transparency in research, this can
still contribute to mitigating the problem of research
reproducibility.

Model taxonomy

The models found in this systematic review were listed in
the CHARMS section (3.1.4). This section presents their
advantages and limitations and offers recommendations
for their application.

Simple forecasting methods
The use of simpler forecasting methods such as the Naive
and SNaive, as adopted by Tuominen et al. (2022), was

mainly to establish a baseline when conducting model
benchmarking. Both methods are univariate and consist
of the direct use of past values as the forecast. These are
methods commonly used for non-stationary time series,
i.e., a time series whose statistical properties depend on
the time the series is observed. In the Naive method,
also known as the random walk model, all forecasts are
set to the value of the last observation. Similarly, the
SNaive method sets the forecast values to be equal to
the last value observed from the same season, being
mostly recommended when data is highly seasonal (Rob
J] Hyndman and George Athanasopoulos 2018d). These
approaches incorporate the notion of volatility, given that
their forecasts have the same level of variation as the time
series used for forecasting. Their use is recommended
when the successive observations are similar. However, a
limitation of these methods is that they do not consider
other factors that could influence the volatility (Morlidge
2013).
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Table 2 Availability of codes and datasets
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Study Code Air pollution Atmospheric Hospital
Sciannameo et al. (2022) No Yes" Yes" No
Hu et al. (2020) No Yes® Yes® No
Usmani et al. (2021) No Yes~ - No
Jing et al. (2020) No Yes" Yes® No
Stonko et al. (2018) No - Yes” No
Zhang et al. (2018) No - Yes" No
Khatri and Tamil (2017) No Yes® Yes® No
Hovland et al. (2013) No Yes” Yes” No
Duwalage et al. (2020) Yes~ - Yes® No
Tuominen et al. (2022) Yes - Yes" Yes
Ogata et al. (2021) Yes - Yes* Yes*
Qiu et al. (2020) No Yes® Yes” Yes*
Chen et al. (2019) No Yes" No No
Meng et al. (2015) No - No No
Tavera Busso et al. (2021) No Yes” Yes” No
Ram et al. (2015) No Yes" - No
Huang et al. (2020) No Yes® - No
Medina Quero et al. (2018) No Yes" Yes" No
Moustris et al. (2012) No No No No
de Souza Tadano et al. (2016) No Yes~ Yes~ Yes®
Lin et al. (2021) No No No Yes"
Lu and Qiu (2023) No Yes” Yes" Yes"
Mossop et al. (2023) No - No No
Siqueira et al. (2023) Yes* Yes* Yes* Yes*
Gafni-Pappas and Khan (2023) No Yes" Yes® No
Song et al. (2022) No No No No
Cengiz and Terzi (2012) No No - No
Chou-Chen and Barboza (2024) Yes Yes Yes Yes
Guo et al. (2024) Yes Yes® Yes” No
Zhong et al. (2024) No Yes” Yes" No
Yang et al. (2025) No - No No
de Souza Tadano et al. (2024) No Yes* Yes* Yes*
Mutlu et al. (2024) No No No No
Kurucz et al. (2024) No - Yes* Yes*
Susmann et al. (2025) Yes Yes" Yes® No
Cappelli et al. (2024) No Yes* Yes* Yes*

(~) The link provided in the paper no longer works
(¥) Available on request
(-) Not used in the study

(*) The data is accessible through online extraction or a request to be made through data provider platforms

Another forecasting method found in this system-
atic review is the Error-Trend-Seasonal Model (ETS),
also known as ExponenTial Smoothing. In this method,
forecasts are weighted combinations of past observa-
tions, with recent observations given relatively more
weight than older observations (Hyndman et al. 2008).
In addition, this method varies according to the com-
bination of the time series components: error, trend,

and seasonal, which can be either additive, multipli-
cative or none. One of the advantages of using ETS
models is their ability to generate prediction intervals
(Rob J Hyndman and George Athanasopoulos 2018c¢)
and their flexibility to define how each component
interacts with each other (Svetunkov 2024). Neverthe-
less, these approaches are limited when dealing with
time series with multiple seasonal patterns, usually
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observed in hospital visits and admissions. For exam-
ple, daily data might exhibit both a weekly pattern and
an annual pattern (Hyndman et al. 2008; Rob ] Hynd-
man and George Athanasopoulos 2018b). Furthermore,
ETS can face numerical difficulties depending on the
combination of components. This may occur when ETS
models with additive errors and either a multiplicative
trend or multiplicative seasonality require division by a
state component, which could lead to a division by zero
(Hyndman et al. 2008).

Furthermore, two adaptive (time-varying) signal pro-
cessing methods were found, LMS and RLS. They were
used due to the non-stationary nature of the data. The
LMS is a stochastic gradient descent method known
for being simple yet capable of achieving good predic-
tion performance. However, this approach has limita-
tions, such as a slow rate of convergence and sensitivity
to the variations in the condition number of the correla-
tion matrix of the input signal vector (Haykin 2002). The
RLS is based on the method of least squares, which can
be formulated with recursive estimation. RLS overcomes
the convergence time problem of LMS. Both approaches
are linear and can yield suboptimal solutions when input
data is non-linear. When deciding which adaptive signal
processing method to use, it is recommended to start
with LMS (Haykin 2002).

Regression models

In time series regression, we assume a linear relation-
ship between the forecast variable and the predictor
variables. This type of model can capture important
relationships between the forecast variable and the
predictor variable. In this systematic review, different
regression models were found. One was the LR model,
which predicts the target variable as a weighted sum
of the predictors. The advantage of using LR is that
interpretation is easy, and the estimation procedure
is simple. However, LR models assume that the target
outcome follows a normal distribution. Therefore, if
the outcome does not follow a normal distribution, it
would require transformation.

Many regression models are available to deal with the
violations of assumptions imposed by LR models. Decid-
ing which one to use will depend on the data used, its
distribution, relationship type among predictors and tar-
get variables, dimensionality, and the nature of the prob-
lem (classification/regression). This study found the use
of GLM, GAM, MARS, QR, QGAM, and LWRL. GLM
enables the modeling of a Poisson distribution, which is
usually more appropriate for modeling count data than
a normal distribution. In addition, logistic regression, a
GLM model, can be used when the outcome follows a
Bernoulli distribution. Furthermore, when modeling more
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complex relationships, spline-based approaches such as
MARS and GAM can be used. QR and QGAM are regres-
sion models that, instead of focusing only on the mean
relationship between variables, examine how different
parts of a distribution are affected by other factors (Koen-
ker 2005; Fasiolo et al. 2020).

MARS models are adapted to deal with non-linear rela-
tionships in the data. These models assess each data point
for each predictor as a knot and create a linear regression
model with the candidate features (Boehmke and Green-
well 2019). Unlike GAM, which models the outcome as
the sum of smooth functions of each feature using a fixed
spline design with pre-specified knot locations, MARS is
non-parametric. It automatically models variable interac-
tions with automatic knot location selection (Hastie and
Tibshirani 1986). In addition, MARS may offer advan-
tages when working with high-dimensional data com-
pared to GAM (Stone et al. 1997; Leathwick et al. 2006),
and it can be faster to train (Moisen and Frescino 2002).

Another forecasting method found in this review was the
locally weighted linear regression (LWLR). The study pre-
sented by Huang et al. (2020) used LWLR and other varia-
tions and concluded that LWLR provides better local feature
selectivity and higher prediction accuracy when compared
to the LR model. In addition, LWLR was found to be com-
petitive with FNN (Atkeson et al. 1997). The LWLR is a
non-parametric memory-based k-nearest-neighbor-based
model, i.e., the training data must be retained and used each
time a prediction needs to be made. This method performs
a regression around a point of interest using only the data
that are “local” to that point (Cohn et al. 1996). One limi-
tation of LWLR is that it can be computationally expensive
when a huge amount of data is used for training. However,
variations of LWLR, such as the one proposed by Huang
et al. (2020), can be used to tackle this problem.

Autoregressive models

Autoregressive models aim to describe the autocorrela-
tion present in the data. They are based on the idea that
the current value of the series can be explained as a linear
combination of past values. This model type is commonly
used for time series forecasting, which is why some
authors used it. In this study, the autoregressive models
used were the ARIMA(X), SARIMA, and Vector Autore-
gression (VAR).

These models are known for being flexible at han-
dling different time series patterns (Rob ] Hyndman and
George Athanasopoulos 2018a). ARIMA and SARIMA
are univariate models, i.e., they deal with a sequence of
measurements of the same variable collected over time,
with the latter including a seasonal component.

However, ARIMA and SARIMA are limited when con-
sidering the effects of other confounding variables. To
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address this limitation, Tuominen et al. (2022) used ARI-
MAX, a multivariate extension of ARIMA, for non-sea-
sonal data with exogenous variables. In addition, we found
the use of the VAR model for seasonal data. Both ARI-
MAX and VAR are multivariate models capable of han-
dling multiple seasonal cycles (e.g., a time series with daily
data can have weekly and annual patterns) (Hyndman et al.
2008; Rob ] Hyndman and George Athanasopoulos 2018b).
Besides, ARIMA(X) and SARIMA are unidirectional, i.e.,
the forecast variable is influenced by the predictor vari-
ables, but not vice versa. In certain cases, variables may
affect each other. More advanced autoregressive methods,
like VAR, may be recommended in these cases. VAR is an
extension of the univariate autoregressive model and is
an n-equation, n-variable linear model, where each vari-
able is explained by its lagged values, plus the current and
past values of the remaining n — 1 variables (Stock and
Watson 2001). For instance, in cases where the variables
are related to other hospital activities, such as the count of
patients waiting for or receiving service in the ED (ED cen-
sus) and the count of laboratory batteries ordered in the
ED (laboratory volumes). A surge in the ED census is fol-
lowed by a surge in laboratory volumes. This may lead to
another increase in the ED census as the longer ED stay
is due to longer laboratory turnaround times (Jones et al.
2009). However, when forecasting hospital visits with
environmental predictors, we would need to assume, for
example, that the number of visits affects the environmen-
tal predictors, which is not true. Additionally, some of the
limitations of the VAR model are that it fails to capture
nonlinearities, conditional heteroskedasticity, and drifts
or breaks in parameters (Stock and Watson 2001). Fur-
thermore, using the conventional VAR model may involve
estimating too many parameters, particularly when the
number of time series and lag order is moderately large
(Wang et al. 2021).

Machine learning models

In this systematic review, all studies focused on a super-
vised learning problem, i.e., model learning relies on
labeled training examples to predict volumetric hospital
visits and admissions (Murphy 2012).

Some studies used DT, a non-parametric tree-like model
used for classification and regression (Breiman et al. 2017).
When used for classification, the predictions concerned
mainly the levels of expected visits, e.g.(low, medium, or
high). In the DT structure, the path from the root to the
leaf represents the classification rules, which are com-
posed of a set of if-then-else decision rules. The DT used
for the decision can be visualized, making it easy to under-
stand and interpret results. However, they are not good at
extrapolation, i.e., they dont perform well when making
predictions beyond the training samples and can create
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complex trees if using a large number of nodes and depth.
Ram et al. (2015) did not specify the reason for using DT.
Nonetheless, it is known that DT is popular due to its
relative ease of applicability and interpretability (Song
and Ying 2015). Furthermore, we found the use of the RF
model, an ensemble learning method that uses multiple
learning models to obtain better results. RF uses a com-
bination of tree predictors. Each tree is created using a
bootstrapped dataset and a random subset of predictor
variables (Breiman 2001). Each tree casts a unit vote for
the classification task, and the most popular class is the
final output.

For the regression task, the predicted output is the num-
ber of visits, and the final result is the average among all
the trees. The authors decided to use RF mainly because of
its capability to deal well with non-linearities and its inter-
nal variable scoring method. RF provides the importance
score of each variable, which can be helpful for feature
selection and model explainability. Nonetheless, like DT,
attention must be paid when using a large number of trees
and depth since it can lead to computational complexity.

Moreover, other variations of DT were used, such as dis-
tributed random forest (DRF), which consists of a parallel-
ized implementation of RF (LeDell et al. 2020), and XRT
(Geurts et al. 2006), which consists of totally randomized
trees resulting from the randomization of both attribute
and cut-point choice while splitting a tree node. The first
provides an implementation that can handle more data
and computing resources. The second has been shown to
be competitive with RF in terms of regression problems
when considering accuracy. However, XRT presented
more computational advantages for very large numbers
of attributes than RF. Another DRF variant, which uses a
different splitting criterion to detect heterogeneity in mul-
tivariate distributions, was also used (Cevid et al. 2022).
Additionally, generalized random forests (GRF) was used.
The GRF is a model used for nonparametric statistical esti-
mation based on RFs and can be used to fit any quantity of
interest (Athey et al. 2019).

Additionally, some studies used the SVM model. SVM
is primarily used for binary classification, but it can also
handle multi-class problems by transforming them into
multiple binary classification problems. Furthermore, it
can also be used for regression problems through SVR to
predict quantitative outputs. This model implements the
idea that the input vectors are non-linearly mapped to a
very high-dimensional feature space. In addition, a lin-
ear decision surface is constructed in this feature space,
and its special properties ensure high generalization. To
construct optimal hyperplanes, i.e., the linear decision
function with the maximal margin between the vectors of
two classes, SVM considers a small amount of the train-
ing data to determine this margin (Cortes and Vapnik
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1995). This approach can be computationally expensive,
especially if using large datasets. The authors chose SVM
mainly because of its popularity and ability to handle
small datasets well.

We also found the use of stacking ensemble models. In
contrast to RF, which uses bootstrap aggregating (bag-
ging) by generating random samples from the training
observations and fitting the same base model to each
sample, stacking models use different base models com-
bined into the ensemble model. Since the base models
differ, they can gain insights into the training data from
various perspectives, eventually increasing the accuracy
and improving the model’s generalization ability (Chen
et al. 2022). This is why some authors have adopted this
approach.

Another model used was the naive bayes (NB), which
is commonly used for binary classification but can
also be adjusted for multi-class problems. NB assumes
that the attributes used to make predictions are inde-
pendent of each other, given the predicted value. This
model performs well on most classification tasks.
However, it does not perform as well in the context of
regression (Frank et al. 2000). Ram et al. (2015) used
this approach based on previous use in similar works
and found poor results. In addition, we found the use
of the KNN model, a simple but effective classifica-
tion method where its results are given by the majority
of votes among the data points in the neighborhood.
Nevertheless, KNN does not use the training data to
make generalizations, meaning it does not learn rules.
Instead, it retains the training data during the testing
phase. This can cause problems when using a large
dataset. Additionally, its efficiency relies on selecting
a good k value (Song et al. 2017; Guo et al. 2003). The
authors who used KNN did not specify the reason for
it. We assume it was because of its simplicity.

Gradient boosting models

Gradient boosting decision trees (GBDT), also known as
gradient boosting machines (GBM), is an ensemble learn-
ing model. It consists of an ML technique that combines
the predictions of multiple models (Mienye and Sun
2022). In this approach, each base model is added to cor-
rect the error produced by its previous model (Friedman
2001). This approach is known for its efficiency, accu-
racy, and interpretability. In addition, other implemen-
tations of this approach were used, including XGBoost
and LightGBM. The first algorithm is well-known for its
scalability and computational efficiency due to numerous
algorithmic optimizations (Chen and Guestrin 2016). The
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second algorithm is known for significantly outperform-
ing XGBoost regarding computational speed and mem-
ory consumption (Ke et al. 2017). The authors used these
approaches due to their high performance and ability to
handle nonlinear relationships within the data. Besides,
some authors used XGBoost to improve model hetero-
geneity by combining it with different models, creating a
more robust model capable of capturing various patterns
in the data.

Deep learning models

DL methods require little human intervention and can
process huge amounts of raw data to discover the rep-
resentations needed for detection or classification auto-
matically. They are well-known for their exceptional
capability to uncover intricate structures within high-
dimensional data. This differs from ML, which faces limi-
tations in processing raw data, usually requiring manual
engineering of a feature extractor to transform raw data
into a feature vector to be used as input for a learning
system (LeCun et al. 2015).

One of the most common families of models used when
modeling sequential data is the RNN. RNNs process an
input sequence of data one slice at a time while maintain-
ing information about the history of past elements of the
sequence (LeCun et al. 2015). However, RNNs face limi-
tations when modeling long-term dependencies, usually
leading to gradient vanishing and exploding problems.
This is why many authors opted for using other variants
of RNN that address these limitations through gated net-
work signals that control how the present input and pre-
vious memory update the current activation and produce
the current state through their gating network (Dey and
Salem 2017).

One study used a gated recurrent unit (GRU), which
has two gates, reset and update. These gates control the
flow of information within the network. The update gate
determines the amount of past information to carry into
the future, while the reset gate determines the amount
of past information to forget (Cho et al. 2014). In addi-
tion, LSTM was used. Unlike GRU, LSTM has a mem-
ory cell and three gates: input, forget, and output. The
gates control the information flow in the memory cell:
the input gate adds information, the forget gate removes
information, and the output gate manages the output.
This enables handling long-term dependencies, which is
impossible when using standard RNNs (Hochreiter and
Schmidhuber 1997, 1996).

Furthermore, we found the use of bidirectional LSTM
(BiLSTM), which enables training by traversing the
input from left to right and right to left. This approach



Monteiro Martins et al. Environmental Systems Research (2025) 14:12

can present a better performance than LSTMs when
using text data. However, it remains unclear whether this
approach would be beneficial when using numerical time
series (Siami-Namini et al. 2019). In the study presented
by Mossop et al. (2023), the results of LSTM and Bi-
LSTM were quite similar. However, when combined with
CNN, Bi-LSTM performed better.

Hybrid models

In this review, we found that the use of hybrid models
was primarily motivated by the potential to improve the
overall modeling and forecasting performance. This is
due to the model’s heterogeneity, especially when mod-
eling linear and nonlinear patterns separately (Zhang
2003).

In the study conducted by Zhang et al. (2018), the
authors built hybrid models by fitting the ETS residu-
als as input to other models. An approach similar to the
gradient boosting method. Besides, we found the use of a
hybrid DL model presented by Sciannameo et al. (2022).
The authors used a CNN-LSTM, a choice adapted to the
data type, which consisted of grid satellite images cap-
tured over time. For this type of data, using CNNs to
model spatial relations can be advantageous, especially
because each neuron processes the inputs belonging to
a specific bounded area, enabling forecasting at the grid
level. In addition, using LSTM with CNN made process-
ing a sequence of images one slice at a time possible while
handling long-term dependencies presented in the data.
In addition, Mossop et al. (2023) presented other varia-
tions of CNN-LSTM. The authors did not use remote
sensing data in their study yet still achieved good results.
They used causal convolutions, a variation of CNN that
preserves causality by preventing information “leakage”
from future to past, considering only the past historical
input. This approach may outperform other recurrent
architectures and exhibit longer memory, making it more
suitable for capturing long-term dependencies (Bai et al.
2018).

Risk of bias

Figure 11 summarizes the PROBAST assessment con-
ducted, and Table 3 presents more details. Among the
studies, twenty-two were identified as possessing a high
RoB, while thirteen studies were determined to have low
RoB, and one study had unclear RoB. Four studies dis-
played a high RoB in the participant domain, indicating
concerns regarding the data sources utilized. One study
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had unclear RoB in the participant domain, raising con-
cerns regarding the inclusion or exclusion of participants.
Additionally, two studies exhibited a high RoB in the
outcome domain, raising concerns about the definition
and determination of the outcome. Furthermore, twenty
studies demonstrated a high RoB in the analysis domain,
suggesting inadequate analysis methods or the omis-
sion of crucial statistical considerations. One study had
an unclear RoB in the analysis domain, indicating insuf-
ficient information to assess whether missing data were
handled appropriately. These factors can introduce bias
and undermine the reliability of the estimated predictive
performance of the model. In addition, two studies were
identified as having a high concern regarding their applica-
bility. Specifically, these studies exhibited high concerns in
the predictor domain, indicating inconsistencies between
the predictors’ definition, assessment, or timing and the
review question. Three studies had unclear concerns
regarding applicability, both with unclear concerns in the
participant domain. Notably, thirteen studies were classi-
fied as having a low RoB and low applicability concerns,
suggesting adequate data collection methods and study
designs.

Discussion

In this review, we systematically searched studies using
machine learning methods to predict hospital visits and
admissions from meteorological or air pollution data.

Participants and outcome

We found one study (Jing et al. 2020) where the definition
of the data sources was unclear. The authors acknowl-
edged the utilization of non-original data but failed to
provide a clear definition of its sources. This omission
poses a potential risk of bias in the participant domain.
Also, a high risk of bias was assigned in the participant
domain to Mossop et al. (2023); Yang et al. (2025) and
Cappelli et al. (2024). These studies used datasets that
combined pre-pandemic and pandemic periods. The
inclusion of the COVID-19 pandemic period, likely nega-
tively impacted model performance as the pandemic led
to a global surge in hospital demand and influenced air
pollution emission levels (Muhammad et al. 2020). In
addition, one study (Tuominen et al. 2022) reported a
reorganization of the ED during the study period, caus-
ing patients to be redirected to another ED, which may
result in biased estimates of the models. Furthermore,
most studies use hospital administrative databases. Those
data sources are not designed for research purposes, and
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the reasons that motivated their creation and the way
the information was collected may strongly influence the
accuracy and reliability of the data set (van Walraven and
Austin 2012). Studies that target some particular cause of
visit or admission (e.g., cardiovascular disease) often rely
on ICD-10 classification, and so they rely on the thor-
oughness of the coding. As suggested by several stud-
ies, administrative databases may contain coding errors
in the diagnostic (Khatri and Tamil 2017; Medina Quero
et al. 2018; Moustris et al. 2012), and may be inconsist-
ently collected over time or across different physicians
and institutions.

The question of readmissions was rarely raised.
Tavera Busso et al. (2021) mentioned being aware of mul-
tiple entries per patient but chose to ignore this point.
For a large dataset, this is unlikely to affect the predic-
tive performance. However, in some cases, ignoring those
dependencies may lead to prediction and variance biases.

The primary source of concern related to outcome
definition stemmed from the use of non-standard
definitions, often relying on the authors’ subjective
judgment and expertise, and the lack of information
provided regarding the authors’ approach to convert-
ing hospital visits and admissions into distinct classes
(e.g., high, medium, low).

Predictors and sample size

We did not identify high bias regarding predictors. Most
studies used PM2.5, PM10, CO, O3, NO2, SO2, Tem-
perature, and RH. The World Health Organization (2021)
recognizes these air pollutants as harmful to health and
establishes recommended thresholds to guide global air
quality standards. A classical way of defining the pollu-
tion exposure of the patients is to use their residential
address (Usmani et al. 2021; Ram et al. 2015). Pollution
data may be an average of measures (Khatri and Tamil
2017) coming from stations whose location (e.g. close to
a road) may not be accurately representative of the real
exposure of patients. Moreover, those measures may not
be continuous and result in missing data. Pollution mod-
els may be more accurate to describe the exposure but
may suffer from their own bias (Stonko et al. 2018). Some
authors have raised concerns about the excessive use of
calendar-based predictor variables (e.g., school holidays,
events, sporting events, music festivals, etc.), which could
lead to overfitting (Stonko et al. 2018; Tuominen et al.
2022). In addition, they raised concerns about the pos-
sibility of leakage of weekly seasonality into public event
predictors. This issue arises due to the prevalence of pub-
lic events occurring on weekends, making it challenging
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to distinguish the effects of the weekly seasonality from
the impact of the public events. Gafni-Pappas and Khan
(2023) suggested that much of the patient volume could
be predicted from calendar-based predictor variables
alone. Using this type of variable can be beneficial for
capturing long-term trends. In addition, Hu et al. (2020)
found a slightly higher feature importance for time-
related variables when compared to environmental pre-
dictors. Furthermore, the incorporation of additional
environmental exposures, such as arsenic and cadmium
metals, along with factors related to influenza, seasonal
flu, and circulating aero-allergens, could potentially con-
tribute to improving forecasting capabilities (Qiu et al.
2020; Medina Quero et al. 2018; Moustris et al. 2012).

In some studies, the data exhibited noise in the form of
daily random fluctuations. To mitigate this, some studies
suggested employing smoothing techniques to reduce the
noise. Although this approach can help address model
overfitting, it also carries the potential risk of losing valu-
able information if these fluctuations contain significant
insights.

Concerning the sample size, we found that EPV is
poorly reported across all studies. According to van der
Ploeg et al. (2014), predictive models using ML often
require an EPV greater than 200. However, based on
the e-EPV, only a small portion of the studies reviewed
adhered to this recommendation. The use of a low EPV
increases the risk of model overfitting.

Model analysis

This study found the most important sources of bias
from model analysis. The main source of bias was
related to the way of handling missing data. Several
studies did not mention the proportion of missing data
or the way of handling it. In some cases, the authors
chose to address this issue by removing missing val-
ues or replacing them with zeros. Multiple imputation
is recommended but has been rarely used. The obser-
vation regarding the poor management and reporting
of missing data in the prediction models has already
been noted (Nijman et al. 2022). Furthermore, another
source of bias was the use of unconventional metrics to
assess the model’s predictive performance Stonko et al.
(2018); Meng et al. (2015).

The correlation between predictor variables was
rarely discussed in the reviewed articles despite being
inherent in pollution measures (e.g., PM2.5 and PM10).
Studies that did not mention the problem of multicol-
linearity but employed a predictor selection technique
may have indirectly mitigated this problem.
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Most studies used an out-of-sample with fixed-origin
procedure approach to evaluate the predictive ability of
their models. This means that the data set is split into a
train and a test set and that the predictions on the test
set have a single forecasting origin. The fixed-origin
procedure has several shortcomings, and rolling-origin
procedures were advocated instead (Tashman 2000).
Several studies resorted to cross-validation to choose
the hyperparameters. However, with data that are not
independent and identically distributed like in time
series, cross-validation may not be appropriate (Cer-
queira et al. 2020). Some variants have been designed
for dependent data but were specifically stated in the
articles of this review. In general, the reporting and
conducting of hyperparameter selection in the studies
lacked details.

Applicability

The main limitation for the applicability of the models
based on weather and pollution predictors is that these
data need to be predicted along with the model’s predic-
tions. Weather and pollution forecasting may be inaccu-
rate and reduce the predictive performance of the models
(Stonko et al. 2018; Duwalage et al. 2020). Additionally,
the study period in some cases included the pre-pan-
demic and pandemic periods (Mossop et al. 2023; Yang
et al. 2025; Cappelli et al. 2024), and the use of a propri-
etary algorithm to define predictors (Sciannameo et al.
2022), combined with insufficient information about the
predictors and the use of unspecified data (Jing et al.
2020) undermines the study’s generalizability and appli-
cability. In addition, population characteristics and dif-
ferences in study locations may affect the generalizability
and applicability of the studies. Overall, the reviewed
studies do not discuss the practical application of their
models for hospital visits and admissions management.

Limitations—study level
This study overviewed the various machine learning
models recently used in the literature. However, there
was a large heterogeneity between the selected studies
regarding population, forecast horizons, granularity
(e.g., hourly, daily, weekly), evaluation metrics adopted,
and the way to enter the variables (e.g., pollution or
weather variables) in the models. Hence, it was impos-
sible to compare their performances or make definitive
recommendations regarding the optimal forecast hori-
zon and models to be used.

Nonetheless, we identified the most commonly
selected models across studies and their corresponding
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forecast horizons. While these findings do not indicate
the optimal models for a given forecast horizon, they
provide insight into the models most frequently used
for each forecast horizon. Models reported in the lit-
erature review show good performances. Those results
may be prone to a publication bias (Boulesteix et al.
2015).

Limitations—review level

When using the PROBAST tool, it is customary to assess
personalized predictions and apply the PROBAST evalu-
ation to each model used in a study. In the present work,
we used the PROBAST tool to evaluate ecological retro-
spective longitudinal studies at the study level rather than
applying it to each model within a study. This decision
was based on the fact that the data sources, participants,
definition and assessment of predictors, and outcome
definition remained consistent across all models inves-
tigated in each study. Consequently, employing a stand-
ardized tool for assessing the risk of bias in ecological
retrospective longitudinal studies may prove more appro-
priate and yield better outcomes. Although considerable
efforts were made to use comprehensive search terms,
some studies may have been published under terms not
included in this review. In addition, while EMBASE, Pub-
Med, and IEEE Xplore cover a wide range of relevant
studies, relying on these sources may have excluded stud-
ies indexed in other databases. Adding more databases
could have improved the comprehensiveness of this
review, though the current selection still ensures a solid
representation of the key literature in the field.

When drawing conclusions based on the e-EPV val-
ues, it is crucial to exercise caution, as the authors of
the included studies did not explicitly provide the EPV
ratio. Instead, we estimated the ratio using the available
information within each study. Furthermore, the lack of
information regarding missing data may have directly
influenced the number of outcome events used to calcu-
late the e-EPV ratio.

In this review, study selection was done by two authors:
author LMM conducted 100% of the study selection, and
author EC contributed to 20% of the study selection. Fur-
thermore, the PROBAST application was performed by
one author (LMM) and overseen by EC. DMM and MS
have provided significant intellectual contributions in
revising the manuscript, thoroughly reviewing it, and
granting approval for the final version.
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Recommendations

The heterogeneity across studies poses challenges when
comparing and recommending a specific model archi-
tecture for patient volume forecasting. However, we
observed that most studies used at least both relatively
simple and more complex models. The simple model
serves as a baseline model. For some studies, this model
may be univariate, autoregressive, and able to capture
seasonality such as SARIMA. This baseline model can
be a good starting point for capturing the seasonality
present in hospital visits and admissions. More complex
models, on the other hand, are usually multivariate. We
could consider using ML models such as RF if we have a
considerably large dataset, and using DL models such as
LSTM or causal CNN if we are using high-dimensional
data. Furthermore, hybrid deep learning approaches such
as CNN-LSTM may be worth considering in cases where
remote sensing and high-dimensional data are used.
Although the number of studies investigating ensemble
learning found in this review is limited, these findings
suggest a promising avenue for enhancing model per-
formance in future applications, and they emphasize the
potential benefits of ensemble learning when integrating
multiple types of data.

Many studies have incorporated calendar predictors
such as year, month, day of the week, and holidays in con-
junction with environmental predictors. We suggest that
these predictors be taken into account when forecasting
hospital visits and admissions. However, it is important
for authors not to limit themselves to only these predic-
tors. Very few studies have used land use, remote sens-
ing, demographics, and socioeconomic predictors. This
presents an opportunity for further exploration in future
studies.

Furthermore, using longer time periods and larger
cohorts is recommended to minimize the likelihood of
systematic errors introduced by physicians during the
diagnostic process (Moustris et al. 2012).

Regarding study reproducibility, most studies did not
share their source codes and datasets. Sharing source
codes and datasets would enhance transparency in
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generating computational results and facilitate future
benchmarking studies.

Future work

In this literature review, we observed some lack in the
way of reporting the methods (e.g., missing data). More-
over, some authors did not sufficiently discuss their
results. More care should be addressed in future research
to improve the validity of the studies. We also observed
that studies often did not explore the use of social and
demographic variables, which can play a role in deter-
mining the individuals’ susceptibility to health issues
caused by air pollution and their utilization of healthcare
services (Jiao et al. 2018). Additionally, validation stud-
ies regarding the applicability of the models for daily use
in hospital management would be of interest for future
research. Finally, the geographic distribution of the stud-
ies in this review reveals an opportunity to study air pol-
lution and weather variables in forecasting hospital visits
and admissions in previously unstudied locations.

Conclusion

The study comprehensively synthesized evidence from
previous studies to elucidate how ML has been applied
and which environmental predictors have been used
to forecast hospital visits and admissions. Results were
obtained following standard guidelines to select and
extract data from 36 papers. Overall, studies included in
this work reported good predictive model performances.
However, a significant portion of the studies exhibited a
high risk of bias. This is primarily due to the lack of stand-
ard outcome definitions, inadequate handling of missing
values, small sample sizes, and a low number of events
per variable. In addition, it is crucial to adopt standard-
ized reporting guidelines to enhance the quality and reli-
ability of future studies in this field. Further research is
necessary to evaluate and determine the optimal model
architecture for patient volume forecasting when incor-
porating environmental predictors.
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Appendix A Search Queries

Table 4 Search queries deployed in the PubMed, Embase and IEEE Xplore databases
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PubMed Embase IEEE Xplore

1 “Hospitalization”[Mesh] OR ("hospital admission”/exp (("Mesh Terms":"Hospitalization”)
"Emergency Service, Hospital"[Mesh] OR OR"hospital admission” OR
“hospital admission*"[all] OR OR"emergency department admission” ("Full Text & Metadata”:"hospital
‘emergency department visits*'[all] OR OR"emergency department visit"/exp admission”) OR
“emergency department admission*"[all] OR"emergency department visit") ("Mesh Terms":"Emergency Ser-

vice, Hospital”) OR

("Full Text & Metadata""emergency
department admission*”) OR
("Full Text & Metadata""emergency
department visit*"))

AND

(("Mesh Terms""Machine Learn-
ing") OR

("Full Text & Metadata”"machine
learning”) OR

("Mesh Terms":"Artificial Intel-
ligence”) OR

("Full Text & Metadata""artificial
intelligence”) OR

("Mesh Terms":"Deep Learning”)
OR

("Full Text & Metadata""deep
learning”) OR

("Full Text & Metadata”"Istm") OR
(“Full Text & Metadata":"neural
network”))

AND

(("Mesh Terms""Air Pollution”) OR
(“Mesh Terms":"Air Pollutants”) OR
("Mesh Terms":"Particulate Mat-
ter”) OR

("Full Text & Metadata""air qual-
ity"))

OR

(("Mesh Terms":"Weather”) OR
("Mesh Terms":"Atmosphere”) OR
("Full Text & Metadata”"weather
variables”) OR

("Full Text &
Metadata""temperature”) OR
(“Full Text & Metadata":"wind")))
AND

(("Mesh Terms""Forecasting”) OR
("Full Text & Metadata”:prediction)
OR

("Full Text & Metadata"forecast*))
Manual settings:

Filters: Journals and Conferences;
Period: 2012 to 2025.
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Table 4 (continued)

PubMed Embase IEEE Xplore
2 “Machine Learning"[Mesh] OR (“machine learning’/exp OR

"Artificial Intelligence’[Mesh] OR
“Deep Learning’[Mesh] OR

“Machine Learning”[all] OR

"Artificial Intelligence”[all] OR

"Deep Learning”[all] OR

“ml”[all] OR

“ai"[all] OR

“naive bayes’[all] OR

“linear regression’fall] OR

“logistic regression”[all] OR

“genetic algorithm”[all] OR

“svm’[all] OR

“support vector machine"[all] OR
“random forest"[all] OR

“cluster analysis"[all] OR

“decision tree*"[all] OR

"XGBoost"[all] OR

“gradient boost*"[all] OR
"adaboost*"[all] OR

“mlp"[all] OR

“multilayer perceptron*"[all] OR
“Istm*"[all] OR

“long short-term memory”“[all] OR
“long short term memory“[all] OR
“long short-term memory network*"[all] OR
“rnn"[all] OR

“recurrent neural network*"[all] OR
‘cnn”OR

‘convolutional neural network*"[all] OR
“expert system’[all] OR

“supervised machine learning”[all] OR
“unsupervised machine learning[all] OR
“semi-supervised learning"[all] OR
“reinforcement learning”[all] OR
‘computational intelligence”[all] OR
‘computer reasoning’[all] OR
“nlp"fall] OR

“natural language processing”[all] OR
“ann”[all] OR

“artificial neural network"[all] OR
“nn"[all] OR

“neural network”[all] OR
“feedforward neural network”[all] OR
‘computer neural network”[all]

3 "Air Pollution’[Mesh] OR
"Air Pollutants’[Mesh] OR
“Particulate Matter"[Mesh] OR
“air quality”[all]

4 “Weather"[Mesh] OR
"Atmosphere’[Mesh] OR
“weather variables"[all] OR
“temperature”fall] OR
“wind"[all] OR
"meteorological variables’[all]

5 "Forecasting”"[Mesh] OR
“prediction”[all] OR
“forecast*'[all]

6 (2012:2025[pdat])

7 #1 AND #2 AND
(#3 OR #4) AND #5 AND #6

“machine learning” OR

“artificial intelligence"/exp OR
“artificial intelligence” OR

“deep learning”/exp OR

“deep learning”OR

“ml"OR

“ai" OR

“naive bayes”OR

“linear regression” OR

“logistic regression” OR

“genetic algorithm”OR

“svm”OR

“support vector machine” OR
“random forest”OR

“cluster analysis”OR

“decision tree*”OR

“XGBoost"OR

“gradient boost*" OR
“adaboost*"OR

“mlp"OR

“multilayer perceptron*”OR
“Istm*" OR

“long short term memory” OR
“rnn”OR

“recurrent neural network*” OR
‘cnn”OR

‘convolutional neural network*”OR
“expert system” OR

“supervised machine learning”OR
“unsupervised machine learning” OR
“semi-supervised learning” OR
“reinforcement learning” OR
‘computational intelligence” OR
‘computer reasoning”OR
“nlp”OR

“natural language processing” OR
“ann”OR

“artificial neural network”OR
“nn"OR

“neural network”OR
“feedforward neural network” OR
‘computer neural network”)

(“air pollution’/exp OR

“air pollutants”/exp OR
“particulate matter’/exp OR
“air quality”)

("weather"/exp OR
“atmosphere”/exp OR
“weather variables” OR
“meteorological variables”OR
“wind")

("prediction”/exp OR
“prediction” OR
“forecast”/exp OR
“forecast”)

[2012-2025)/py

#1 AND #2 AND
(#3 OR #4) AND #5 AND #6
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Appendix B Predictors

Table 5 List of candidate predictors and predictors used in each study

Study Sciannameo Huetal.(2020) Usmani Jing et al. Stonko Zhang Khatriand Hovland Duwalage
etal. (2022) et al. (2020) etal. etal. Tamil (2017) etal. etal.
(2021) (2018) (2018) (2013)V  (2020)
Predictor/Type Meteorological
Residuals A

(Temperature Model)
Absolute Temperature

Difference

Mean Temperature A A A A A
Max. Temperature A A A A
Min. Temperature A A A

Min. Temperature
at 10 cm surface

Avg. of Max. Temperature
Min. of Max. Temperature
Avg. of Min. Temperature

Avg. of the number of days
in which the max. tem-
perature

is >75th of max. tempera-
ture

Avg. of the number of days
in which the min. tem-
perature

is < 25th of min. tempera-
ture

Min. of Min. Temperature
Max. of Min. Temperature

Max. of Max. daily ampli-
tude

of temperature
(difference of daily max.
and min)

Avg. of Max. daily
amplitude of temperature

Min. of max. daily ampli-
tude
of temperature

Max. of the min. daily
amplitude

of temperature

Avg. of min. daily ampli-
tude

of temperature

Min. of Min. daily ampli-
tude

of temperature

Avg. of the number of days
in which the amplitude

of temperature

is >75th percentile of

daily amplitude of tem-
perature
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Table 5 (continued)

Study Sciannameo Huetal.(2020) Usmani  Jing et al. Stonko Zhang Khatriand Hovland Duwalage
etal. (2022) et al. (2020) etal. et al. Tamil (2017) etal. etal.
(2021) (2018)  (2018) (2013)M  (2020)

Avg. of the number of days
in which the amplitude

of temperature

is >90 th percentile of
daily amplitude tempera-
ture

Max. of the max. daily
precipitation

Avg. of the max. daily
precipitation

Avg. of the avg. daily
precipitation

Avg. of the number of days
in which the max. precipi-
tation

is >75th of daily max.
precipitation

Avg. of the number of days
in which the max. precipi-
tation

is >90th of daily max.
precipitation

Max. level 1 soil tempera-
ture

Mean level 1 soil tem-
perature

Min. level 1 soil tempera-
ture

Max. vapor pressure
Mean vapor pressure
Min. vapor pressure
Evaporation

Daily fire count
Temperature difference

Temperature
(Difference,
12h to previous 24h)

Heat Index
(Apparent Temperature)

Thermal Amplitude

Air/Atmospheric/
Surface pressure

Air/Atmospheric/
Surface pressure mean

Air/Atmospheric/
Surface pressure min.

Air/Atmospheric/
Surface pressure max.

Air/Atmospheric/
Surface pressure difference

Dew Point

Max. dew point

Mean dew point A

Min dew point

Relative Humidity A A A
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Table 5 (continued)

Study Sciannameo Huetal.(2020) Usmani  Jing et al. Stonko Zhang Khatriand Hovland Duwalage
etal. (2022) et al. (2020) etal. et al. Tamil (2017) etal. etal.
(2021) (2018)  (2018) (2013)M  (2020)

Mean atmospheric
humidity

Max atmospheric
humidity

Min atmospheric
humidity

Mean Relative
Humidity

Min Relative
Humidity

Mean absolute
humidity

Atmospheric humidity
difference

Max absolute

humidity

Rain Intensity
Precipitation A
Precipitation duration
Max. Precipitation
Mean wind speed

Max. wind speed

Min. wind speed

Max. wind temperature
Max. wind gust

Vector average wind
direction

Vector average wind speed

Wind Speed A A A
Wind Direction A

Visibility A

Wet Bulb (Global) Tem-

perature

Solar Radiation A

Downward Solar Radiation
Sunshine duration

Daily potential sunshine
duration (%)

Snow Depth

Cloud Count

Weather Type

Cloud Cover A

Significant Tornado A
Parameter

SFC Pressure (?)

Daily Change in SFC Pres-

sure (7)

Sea-level Pressure A

Artificially Observed A
Weather
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Table 5 (continued)

Study Sciannameo Huetal.(2020) Usmani  Jing et al. Stonko Zhang Khatriand Hovland Duwalage
etal. (2022) et al. (2020) etal. et al. Tamil (2017) etal. etal.
(2021) (2018)  (2018) (2013)M  (2020)

Number of extreme cold
or hot days

according to the Physi-
ologically

Equivalent Temperature
(PET)

Mean value of the PET
Daily Planetary Boundary

Layer - Heigh

Predictor/Type Air Pollution

PM10 A A* A

PM2.5 A A* AT

PM(C) A* A
NO A

NO2 A A* A A A
Nox A

Sox

SO2 A* A A A
co A* A A

co2 A
03 A* A A A
Black Carbon (BC)

Lead (Pb)

Air Quality Index (AQI) A* A

Pollen - Olea (max)

Pollen - Amaranta (max)

Pollen - Cupra (max)

Pollen - Graminea (max)

Max. value of the European

Regional Pollution Index

(ERPI)

Number of days with air

pollution

episode ERPI value >= 50

Number of stations

that showed

air pollution episode

Predictor/Type Public Health Trends

Residuals of Influenza model A

Influenza visits (%)
Acute diarrhea
Chickenpox

Infectious and Parasitic
Diseases

Not Categorised
Respiratory Infection
Maternal conditions
Perinatal conditions
Nutritional deficiencies
Malignant neoplasms
Other neoplasms
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Table 5 (continued)

Study Sciannameo Huetal.(2020) Usmani  Jing et al. Stonko Zhang Khatriand Hovland Duwalage
etal. (2022) et al. (2020) etal. et al. Tamil (2017) etal. etal.
(2021) (2018)  (2018) (2013)M  (2020)

Diabetes mellitus
Endocrine disorders
Mental disorders
Neurological and sense
disorders

Cardiovascular disease
Chronic respiratory disease
Digestive disease
Genitourinary disorders
Skin diseases
Musculoskeletal disease
Congenital Abnormalities
Oral Diseases
Unintentional injuries
Intentional injuries
lll-defined diseases

lll-defined injuries/acci-
dents

Factors influencing health
status and contact
with health services

Predictor/Type Land Use

Land Use A
Urban Fragmentation

Built Surface

Roads Lineal Distance
(avenues, street other,
total)

Energy (distance

to the nearest

thermal plants, and gas
stations)

Open-Air Dumps
(Distance to the Nearest)

Productive Units - Amount

Energy - Number of Gas
Stations
Open-Air Dumps - Amount

Green Area Proportion
(%, area of parks, forests,
and arable land divided

by city area)
Predictor/Type Remote Sensing
Crowding Index A

Elevation - Mean
Main Land Cover
Land Surface Temperature

Normalized Difference
Vegetation Index

Aerosol Optical Density
Predictor/Type Website (visits/searches/text posts)
Ekstrom (visits, and ratios)
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(2025) 14:12
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Study

Sciannameo Huetal.(2020) Usmani

etal. (2022)

etal.
(2021)

Jing et al. Stonko

(2020)

etal.
(2018)

Zhang
etal.
(2018)

Khatriand Hovland
Tamil (2017) etal.
(2013)™

Duwalage
etal.
(2020)

Website visits
Tweets (w/ word "Asthma”)
Google search trends

Predictor/Type
Date Index
Time of the day
Year

Month

Day Of the Week
Day of Month
Day of the Year
Working Day
Holidays
Holiday length
Vacations

Public Events
(minor, major, all, and spe-
cific)

Work day (last and first)
Season

Period (Warm, Cold)
Rainy Season

Difference between the
corresponding day

and the last day

of the rainy season of each
year

Day of the Quarter

Modulus for Quad-weekly
frequency

Week Number of the Year
(Monday and Sunday start)

Indicator for any Friday
immediately following a
national holiday

Indicator for days following
a national holiday

Holiday Indicator: July 14

Holiday Indicator: Christ-
mas

Holiday Indicator:
New Years Eve

Holiday Indicator:
New Years Day

Predictor/Type

Difference value
(previous 1-27 days)

Moving Average
Standard deviation
Kurtosis

Skewness

Calendar

>

Time series features
A

>

>
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Table 5 (continued)

Study Sciannameo Huetal.(2020) Usmani  Jing et al. Stonko Zhang Khatriand Hovland Duwalage
etal. (2022) et al. (2020) etal. et al. Tamil (2017) etal. etal.
(2021) (2018)  (2018) (2013)M  (2020)
Predictor/Type Demographic/Socioeconomic

Land Value (median
and mean)

Population Density (Mean)
Households with at

Least One Unsatisfied
Basic Need (Mean)

Household Head with
Unfinished High School
Studies (Mean)

Unemployment rate
Violent crime rate
Median Age of a city

Population size

(Daytime for 6am-5:59pm
and at night time for 6pm-
5:59am)

Population size

Population size (> 65 years
older)

Ratio of Men to Women

Mean Annual Taxable
Income

Predictor/Type Hospital (Visits/Beds)
Hospital capacity
Mean of all available Hos-

pital Beds

Sum of all available Hospi-

tal Beds

Daily Admissions (avg/std) A A A A

Predictor/Type Not Reported

MV, ALT, and Other factors A

0

Study Tuominenetal. Ogataetal.(2021) Qiuetal. Chenetal. Mengetal. TaveraBussoRametal. Huangetal. Medina Quero
(2022)V (2020) (2019)  (2015) etal. (2015) (2020) etal.(2018)

021"

Predictor/Type Meteorological

Residuals

(Temperature Model)

Absolute Temperature A

Difference

Mean Temperature A A A A A A

Max. Temperature A A A A A

Min. Temperature A A A A A

Min. Temperature
at 10 cm surface

Avg. of Max. Temperature
Min. of Max. Temperature
Avg. of Min. Temperature

Avg. of the number of days
in which the max. temperature
is >75th of max. temperature
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Table 5 (continued)
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Study Tuominenetal. Ogataetal.(2021) Qiuetal.
(2022)M (2020)

Chenetal. Mengetal.

(2019)

(2015)

Tavera Busso Ram et al.

etal.
(2021)M

(2015)

Huang etal. Medina Quero

(2020)

etal. (2018)

Avg. of the number of days
in which the min. temperature
is < 25th of min. temperature

Min. of Min. Temperature

Max. of Min. Temperature

Max. of Max. daily amplitude
of temperature

(difference of daily max.

and min)

Avg. of Max. daily

amplitude of temperature
Min. of max. daily amplitude
of temperature

Max. of the min. daily amplitude
of temperature

Avg. of min. daily amplitude
of temperature

Min. of Min. daily amplitude
of temperature

Avg. of the number of days

in which the amplitude of tem-
perature

is >75th percentile of

daily amplitude of temperature

Avg. of the number of days

in which the amplitude of tem-
perature

is >90 th percentile of

daily amplitude temperature

Max. of the max. daily precipita-
tion

Avg. of the max. daily precipita-
tion

Avg. of the avg. daily precipita-
tion

Avg. of the number of days

in which the max. precipitation
is >75th of daily max. precipita-
tion

Avg. of the number of days

in which the max. precipitation
is >90th of daily max. precipita-
tion

Max. level 1 soil temperature
Mean level 1 soil temperature
Min. level 1 soil temperature
Max. vapor pressure

Mean vapor pressure

Min. vapor pressure
Evaporation

Daily fire count

Temperature difference

Temperature A
(Difference,
12h to previous 24h)

Heat Index A
(Apparent Temperature)

Thermal Amplitude
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Study Tuominenetal. Ogataetal.(2021) Qiuetal.
(2022)M (2020)

Chenetal. Mengetal.

(2019)

(2015)

TaveraBussoRametal. Huangetal. Medina Quero
etal. (2015) (2020) etal. (2018)
(2021)M

Air/Atmospheric/ A
Surface pressure

Air/Atmospheric/
Surface pressure mean
Air/Atmospheric/
Surface pressure min.

Air/Atmospheric/
Surface pressure max.

Air/Atmospheric/
Surface pressure difference

Dew Point A

Max. dew point

Mean dew point

Min dew point

Relative Humidity A A A

Mean atmospheric
humidity

Max atmospheric
humidity

Min atmospheric
humidity

Mean Relative
Humidity

Min Relative
Humidity
Mean absolute
humidity

Atmospheric humidity
difference

Max absolute

humidity

Rain Intensity A

Precipitation A A
Precipitation duration

Max. Precipitation

Mean wind speed

Max. wind speed

Min. wind speed

Max. wind temperature

Max. wind gust

Vector average wind direction

Vector average wind speed

Wind Speed A
Wind Direction

Visibility A

Wet Bulb (Global) Temperature A
Solar Radiation

Downward Solar Radiation A
Sunshine duration

Daily potential sunshine
duration (%)

Snow Depth A
Cloud Count A
Weather Type

Cloud Cover

A
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Study Tuominenetal. Ogataetal.(2021) Qiuetal.
(2022)M (2020)

Chenetal. Mengetal.

(2019)

(2015)

Tavera Busso Ram et al.

etal.
(2021)M

(2015)

Huang etal. Medina Quero

(2020)

etal. (2018)

Significant Tornado Parameter
SFC Pressure (?)
Daily Change in SFC Pressure (?)

Sea-level Pressure
Artificially Observed Weather

Number of extreme cold or hot
days

according to the Physiologically
Equivalent Temperature (PET)

Mean value of the PET

Daily Planetary Boundary
Layer - Heigh

Predictor/Type Air Pollution

PM10 A
PM2.5
PM(C) A
NO

NO2 A

Nox

>

Sox

SO2 A
co A
co2

03 A
Black Carbon (BC)

Lead (Pb)

Air Quality Index (AQI)

Pollen - Olea (max)

Pollen - Amaranta (max)

Pollen - Cupra (max)

Pollen - Graminea (max)

Max. value of the European
Regional Pollution Index (ERPI)

Number of days with air pol-
lution
episode ERPI value >= 50

Number of stations that showed
air pollution episode

Predictor/Type Public Health Trends
Residuals of Influenza model
Influenza visits (%)

Acute diarrhea

Chickenpox

Infectious and Parasitic Diseases
Not Categorised

Respiratory Infection

Maternal conditions

Perinatal conditions

Nutritional deficiencies

Malignant neoplasms

A*
A

| N 2
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Study Tuominenetal. Ogataetal.(2021) Qiuetal.
(2022)M (2020)

Chenetal. Mengetal.

(2019)

(2015)

Tavera Busso Ram et al.

etal.
(2021)M

(2015)

Huang etal. Medina Quero

(2020)

etal. (2018)

Other neoplasms
Diabetes mellitus
Endocrine disorders

Mental disorders

Neurological and sense disorders
Cardiovascular disease
Chronic respiratory disease
Digestive disease
Genitourinary disorders

Skin diseases
Musculoskeletal disease
Congenital Abnormalities
Oral Diseases

Unintentional injuries
Intentional injuries
lll-defined diseases
lll-defined injuries/accidents

Factors influencing health
status and contact with health
services

Predictor/Type Land Use
Land Use

Urban Fragmentation

Built Surface

Roads Lineal Distance
(avenues, street other, total)

Energy (distance to the nearest
thermal plants, and gas stations)

Open-Air Dumps
(Distance to the Nearest)

Productive Units - Amount
Energy - Number of Gas Stations
Open-Air Dumps - Amount

Green Area Proportion A
(%, area of parks, forests,

and arable land divided by city

area)

Predictor/Type Remote Sensing
Crowding Index

Elevation - Mean

Main Land Cover

Land Surface Temperature

Normalized Difference
Vegetation Index

Aerosol Optical Density

Predictor/Type Website (visits/searches/text posts)
Ekstrom (visits, and ratios) A

Website visits A

Tweets (w/ word "Asthma”)

Google search trends A

Predictor/Type Calendar

Date Index

>

>

> > D> D>

>
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Study Tuominenetal. Ogataetal.(2021) Qiuetal.

(2022)M (2020)

Chenetal. Mengetal.

(2019)

(2015)

Tavera Busso Ram et al.
etal. (2015)
2021V

Huang etal.
(2020)

Medina Quero
etal. (2018)

Time of the day A
Year
Month A A

Day Of the Week A
Day of Month

Day of the Year

Working Day A
Holidays A A A
Holiday length

> > > >

Vacations

Public Events A
(minor, major, all, and specific)

Work day (last and first)

Season

Period (Warm, Cold)

Rainy Season A

Difference between the A
corresponding day

and the last day

of the rainy season of each year

Day of the Quarter

Modulus for Quad-weekly
frequency

Week Number of the Year
(Monday and Sunday start)

Indicator for any Friday
immediately following a
national holiday

Indicator for days following
a national holiday

Holiday Indicator: July 14
Holiday Indicator: Christmas

Holiday Indicator:
New Years Eve

Holiday Indicator:

New Years Day
Predictor/Type Time series features

Difference value
(previous 1-27 days)

Moving Average
Standard deviation
Kurtosis

Skewness

Predictor/Type Demographic/

Socioeconomic
Land Value (median and mean)
Population Density (Mean)

Households with at
Least One Unsatisfied
Basic Need (Mean)

Household Head with
Unfinished High School
Studies (Mean)

Unemployment rate
Violent crime rate

Median Age of a city A

>
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Study

Tuominenetal. Ogataetal.(2021) Qiuetal.
(2022)M (2020)

Chenetal. Mengetal.

(2019)

Tavera Busso Ram et al.
etal. (2015)
2021V

(2015)

Huang etal. Medina Quero

(2020)

etal. (2018)

Population size

(Daytime for 6am-5:59pm
and at night time for 6pm-
5:59am)

Population size

Population size (= 65 years older)
Ratio of Men to Women

Mean Annual Taxable Income
Predictor/Type

Hospital capacity

Mean of all available Hospital
Beds

Sum of all available Hospital
Beds

Daily Admissions (avg/std)
Predictor/Type
MV, ALT, and Other factors (?)

> > >

A
Hospital (Visits/Beds)
A
A

A

A
Not Reported

Study

de SouzaTadano Linetal.
etal. (2016) (2021)

Moustris et al.
(2012)

Lu and Qiu Mossop

(2023)

Siqueira
etal. (2023) etal.(2023) and Khan
(2023)

Gafni-Pappas Song etal.

(2022)

Cengizand
Terzi (2012)

Predictor/Type

Residuals
(Temperature Model)

Absolute Temperature
Difference

Mean Temperature
Max. Temperature
Min. Temperature

Min. Temperature
at 10 cm surface

Avg. of Max. Temperature
Min. of Max. Temperature
Avg. of Min. Temperature

Avg. of the number of days
in which the max. temperature
is >75th of max. temperature

Avg. of the number of days

in which the min. temperature
is < 25th of min. temperature
Min. of Min. Temperature

Max. of Min. Temperature
Max. of Max. daily amplitude
of temperature

(difference of daily max.
and min)

Avg. of Max. daily
amplitude of temperature
Min. of max. daily amplitude
of temperature

Max. of the min. daily amplitude
of temperature

Avg. of min. daily amplitude
of temperature

Meteorologi-
cal
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Study Moustrisetal. de SouzaTadano Linetal.
(2012) etal. (2016) (2021)

Lu and Qiu Mossop Siqueira Gafni-Pappas Song etal.

(2023)

etal. (2023) etal.(2023) and Khan
(2023)

(2022)

Cengizand
Terzi (2012)

Min. of Min. daily amplitude
of temperature

Avg. of the number of days

in which the amplitude of tem-
perature

is >75th percentile of

daily amplitude of temperature

Avg. of the number of days

in which the amplitude of tem-
perature

is >90 th percentile of

daily amplitude temperature

Max. of the max. daily precipita-
tion

Avg. of the max. daily precipita-
tion

Avg. of the avg. daily precipita-
tion

Avg. of the number of days

in which the max. precipitation
is >75th of daily max. precipita-
tion

Avg. of the number of days

in which the max. precipitation
is >90th of daily max. precipita-
tion

Max. level 1 soil temperature
Mean level 1 soil temperature
Min. level 1 soil temperature
Max. vapor pressure

Mean vapor pressure

Min. vapor pressure
Evaporation

Daily fire count

Temperature difference

Temperature
(Difference,
12h to previous 24h)

Heat Index A
(Apparent Temperature)

Thermal Amplitude

Air/Atmospheric/
Surface pressure

Air/Atmospheric/
Surface pressure mean

Air/Atmospheric/
Surface pressure min.

Air/Atmospheric/
Surface pressure max.

Air/Atmospheric/
Surface pressure difference

Dew Point

Max. dew point

Mean dew point

Min dew point

Relative Humidity A
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Study Moustrisetal. de SouzaTadano Linetal.
(2012) etal. (2016) (2021)

Lu and Qiu Mossop Siqueira Gafni-Pappas Song etal.

(2023)

etal. (2023) etal.(2023) and Khan
(2023)

(2022)

Cengizand
Terzi (2012)

Mean atmospheric
humidity

Max atmospheric
humidity

Min atmospheric
humidity

Mean Relative
Humidity

Min Relative
Humidity

Mean absolute
humidity

Atmospheric humidity
difference

Max absolute

humidity

Rain Intensity

Precipitation

Precipitation duration

Max. Precipitation

Mean wind speed

Max. wind speed

Min. wind speed

Max. wind temperature

Max. wind gust

Vector average wind direction
Vector average wind speed
Wind Speed

Wind Direction

Visibility

Wet Bulb (Global) Temperature
Solar Radiation

Downward Solar Radiation
Sunshine duration

Daily potential sunshine
duration (%)

Snow Depth

Cloud Count

Weather Type

Cloud Cover

Significant Tornado Parameter
SFC Pressure (?)

Daily Change in SFC Pressure (?)
Sea-level Pressure

Artificially Observed Weather

Number of extreme cold or hot A
days

according to the Physiologically
Equivalent Temperature (PET)

Mean value of the PET A

Daily Planetary Boundary
Layer - Heigh
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Study Moustrisetal. de SouzaTadano Linetal. Lu and Qiu Mossop Siqueira Gafni-Pappas Songetal. Cengizand
(2012) etal. (2016) (2021) (2023) etal. (2023) etal.(2023) and Khan (2022) Terzi (2012)
(2023)
Predictor/Type Air Pollution
PM10 A A A A A A
PM2.5 A A A
PM(C) A
NO
NO2 A A
Nox A
Sox
SO2 A A A A
co A A A
co2
03 A A A
Black Carbon (BC)
Lead (Pb)
Air Quality Index (AQI) A
Pollen - Olea (max)
Pollen - Amaranta (max)
Pollen - Cupra (max)
Pollen - Graminea (max)
Max. value of the European A
Regional Pollution Index (ERPI)
Number of days with air pol- A
lution
episode ERPI value >= 50
Number of stations that showed A
air pollution episode
Predictor/Type Public Health
Trends
Residuals of Influenza model
Influenza visits (%) A

Acute diarrhea
Chickenpox

Infectious and Parasitic Diseases
Not Categorised
Respiratory Infection
Maternal conditions
Perinatal conditions
Nutritional deficiencies
Malignant neoplasms
Other neoplasms
Diabetes mellitus
Endocrine disorders
Mental disorders

Neurological and sense
disorders

Cardiovascular disease
Chronic respiratory disease
Digestive disease
Genitourinary disorders

Skin diseases
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Study Moustrisetal. de SouzaTadano Linetal.
(2012) etal. (2016) (2021)

Lu and Qiu Mossop Siqueira Gafni-Pappas Song etal.

(2023)

etal. (2023) etal.(2023) and Khan
(2023)

(2022)

Cengizand
Terzi (2012)

Musculoskeletal disease
Congenital Abnormalities
Oral Diseases

Unintentional injuries
Intentional injuries
lll-defined diseases
lll-defined injuries/accidents

Factors influencing health
status and contact with health
services

Predictor/Type Land Use
Land Use

Urban Fragmentation

Built Surface

Roads Lineal Distance
(avenues, street other, total)

Energy (distance to the nearest
thermal plants, and gas stations)

Open-Air Dumps

(Distance to the Nearest)
Productive Units - Amount
Energy - Number of Gas Stations
Open-Air Dumps - Amount

Green Area Proportion

(%, area of parks, forests,

and arable land divided by city
area)

Predictor/Type Remote
Sensing

Crowding Index

Elevation - Mean

Main Land Cover

Land Surface Temperature

Normalized Difference
Vegetation Index

Aerosol Optical Density

Predictor/Type Website (vis-
its/searches/
text posts)

Ekstrom (visits, and ratios)

Website visits

Tweets (w/ word "Asthma”)

Google search trends

Predictor/Type Calendar
Date Index

Time of the day

Year

Month A

Day Of the Week A
Day of Month

Day of the Year

Working Day

4
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Study Moustrisetal. de SouzaTadano Linetal.
(2012) etal. (2016) (2021)

Lu and Qiu Mossop Siqueira

(2023)

etal. (2023) etal.(2023) and Khan

Gafni-Pappas Song etal.

(2023)

(2022)

Cengizand
Terzi (2012)

Holidays A
Holiday length
Vacations

Public Events
(minor, major, all, and specific)

Work day (last and first)
Season

Period (Warm, Cold)
Rainy Season

Difference between the
corresponding day

and the last day

of the rainy season of each year

Day of the Quarter

Modulus for Quad-weekly
frequency

Week Number of the Year
(Monday and Sunday start)

Indicator for any Friday
immediately following a
national holiday

Indicator for days following
a national holiday

Holiday Indicator: July 14
Holiday Indicator: Christmas

Holiday Indicator:
New Years Eve

Holiday Indicator:
New Years Day

Predictor/Type Time series
features

Difference value
(previous 1-27 days)

Moving Average
Standard deviation

Kurtosis

Skewness

Predictor/Type Demo-
graphic/Soci-
oeconomic

Land Value (median and mean)
Population Density (Mean)

Households with at
Least One Unsatisfied
Basic Need (Mean)

Household Head with
Unfinished High School
Studies (Mean)
Unemployment rate
Violent crime rate

Median Age of a city

Population size

(Daytime for 6am-5:59pm
and at night time for 6pm-
5:59am)

A

A
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Page 47 of 56

de SouzaTadano Linetal.
etal. (2016) (2021)

Moustris et al.
(2012)

Study

Lu and Qiu Mossop

(2023)

Siqueira
etal. (2023) etal.(2023) and Khan
(2023)

Gafni-Pappas Song etal.
(2022)

Cengizand
Terzi (2012)

Population size

Population size (> 65 years
older)

Ratio of Men to Women
Mean Annual Taxable Income

Predictor/Type Hospital (Vis-

its/Beds)
Hospital capacity

Mean of all available Hospital
Beds

Sum of all available Hospital
Beds

Daily Admissions (avg/std) A
Predictor/Type
MV, ALT, and Other factors (?)

Not Reported

Chou-Chen and Guo et al. (2024)
Barboza (2024)

Study
(2024)

Zhong et al.

Yang et al. de Souza Tadano Mutlu
(2025)

Kurucz Susmann Cappelli
etal. (2024) et al. etal. (2024)
(2025)

etal.
(2024)

etal. (2024)

Predictor/Type Meteorological

Residuals
(Temperature Model)

Absolute Temperature
Difference

Mean Temperature A A

>

Max. Temperature
Min. Temperature A

Min. Temperature
at 10 cm surface

Avg. of Max. Temperature

A
Min. of Max. Temperature A
Avg. of Min. Temperature A

A

Avg. of the number of days
in which the max. temperature
is >75th of max. temperature

Avg. of the number of days A
in which the min. temperature
is < 25th of min. temperature

Min. of Min. Temperature A
Max. of Min. Temperature A
Max. of Max. daily amplitude A
of temperature

(difference of daily max. and min)
Avg. of Max. daily A

amplitude of temperature

Min. of max. daily amplitude A
of temperature

Max. of the min. daily amplitude A
of temperature
Avg. of min. daily amplitude A
of temperature

Min. of Min. daily amplitude A
of temperature

>

> > > >
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Table 5 (continued)

Study Chou-Chenand Guoetal.(2024) Zhongetal. Yang etal.de SouzaTadano Mutlu Kurucz Susmann Cappelli
Barboza (2024) (2024) (2025) etal. (2024) etal. etal. (2024) et al. etal. (2024)
(2024) (2025)
Avg. of the number of days A
in which the amplitude of tem-
perature

is >75th percentile of
daily amplitude of temperature

Avg. of the number of days A
in which the amplitude of tem-
perature

is >90 th percentile of

daily amplitude temperature

Max. of the max. daily precipita- A
tion

Avg. of the max. daily precipita- A
tion

Avg. of the avg. daily precipita- A
tion

Avg. of the number of days A
in which the max. precipitation

is >75th of daily max. precipita-

tion

Avg. of the number of days A
in which the max. precipitation

is >90th of daily max. precipita-

tion

Max. level 1 soil temperature

Mean level 1 soil temperature

Min. level 1 soil temperature

Max. vapor pressure

Mean vapor pressure

> > > > > >

Min. vapor pressure
Evaporation A
Daily fire count A

Temperature difference A

Temperature
(Difference,
12h to previous 24h)

Heat Index
(Apparent Temperature)

Thermal Amplitude

Air/Atmospheric/
Surface pressure

Air/Atmospheric/ A A A A A
Surface pressure mean

Air/Atmospheric/ A A A
Surface pressure min.

Air/Atmospheric/ A A A A
Surface pressure max.

Air/Atmospheric/ A
Surface pressure difference

Dew Point

Max. dew point A

Mean dew point A A
Min dew point \

Relative Humidity

Mean atmospheric A

humidity

Max atmospheric A
humidity
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Table 5 (continued)

Study Chou-Chenand Guoetal.(2024) Zhongetal. Yang etal.de SouzaTadano Mutlu Kurucz Susmann Cappelli
Barboza (2024) (2024) (2025) etal. (2024) etal. etal. (2024) et al. etal. (2024)
(2024) (2025)

Min atmospheric A

humidity

Mean Relative A A A A A
Humidity

Min Relative A

Humidity

Mean absolute A

humidity

Atmospheric humidity A

difference

Max absolute A

humidity

Rain Intensity

Precipitation A A A A A A

Precipitation duration

4

Max. Precipitation A
Mean wind speed A A A

Max. wind speed A A

Min. wind speed

Max. wind temperature A

Max. wind gust A

4

Vector average wind direction
Vector average wind speed A
Wind Speed A A
Wind Direction A

Visibility

Wet Bulb (Global) Temperature

Solar Radiation A A
Downward Solar Radiation

Sunshine duration A A

Daily potential sunshine A
duration (%)

Snow Depth

Cloud Count

Weather Type

Cloud Cover A
Significant Tornado Parameter

SFC Pressure (?)

Daily Change in SFC Pressure (?)

Sea-level Pressure

Artificially Observed Weather

Number of extreme cold or hot
days

according to the Physiologically
Equivalent Temperature (PET)

Mean value of the PET

Daily Planetary Boundary

Layer - Heigh

Predictor/Type Air Pollution

PM10 A A A
PM2.5 A A

PM(C)
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Table 5 (continued)

Study Chou-Chenand Guoetal.(2024) Zhongetal. Yang etal.de SouzaTadano Mutlu Kurucz Susmann Cappelli

Barboza (2024) (2024) (2025) etal. (2024) etal. etal. (2024) et al. etal. (2024)
(2024) (2025)

NO

NO2 A A A

Nox A

Sox

SO2 A A

co A A

co2

03 A A A

Black Carbon (BC) A

Lead (Pb)

Air Quality Index (AQI)
Pollen - Olea (max)
Pollen - Amaranta (max)
Pollen - Cupra (max)
Pollen - Graminea (max)

Max. value of the European
Regional Pollution Index (ERPI)

Number of days with air pol-
lution
episode ERPI value >= 50

Number of stations that showed
air pollution episode

Predictor/Type Public Health
Trends

Residuals of Influenza model

Influenza visits (%) A

4

Acute diarrhea
Chickenpox A
Infectious and Parasitic Diseases
Not Categorised

Respiratory Infection

Maternal conditions

Perinatal conditions

Nutritional deficiencies
Malignant neoplasms

Other neoplasms

Diabetes mellitus

Endocrine disorders

Mental disorders

Neurological and sense disorders
Cardiovascular disease

Chronic respiratory disease
Digestive disease

Genitourinary disorders

Skin diseases

Musculoskeletal disease
Congenital Abnormalities
Oral Diseases

Unintentional injuries

[ 2 2 2 S S 2 S 2 2 N N S O O o 2 o 2 4

Intentional injuries
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Study Chou-Chenand Guoetal.(2024) Zhongetal.

Barboza (2024) (2024)

Yang et al. de Souza Tadano Mutlu

(2025)

etal. (2024)

etal.
(2024)

Kurucz

Susmann Cappelli

etal. (2024) et al.

(2025)

etal. (2024)

lll-defined diseases A

lll-defined injuries/accidents

>

Factors influencing health A
status and contact with health
services

Predictor/Type Land Use
Land Use

Urban Fragmentation

Built Surface

Roads Lineal Distance
(avenues, street other, total)

Energy (distance to the nearest
thermal plants, and gas stations)

Open-Air Dumps
(Distance to the Nearest)

Productive Units - Amount
Energy - Number of Gas Stations
Open-Air Dumps - Amount

Green Area Proportion

(%, area of parks, forests,

and arable land divided by city
area)

Predictor/Type Remote
Sensing

Crowding Index

Elevation - Mean

Main Land Cover

Land Surface Temperature

Normalized Difference
Vegetation Index

Aerosol Optical Density

Predictor/Type Website (vis-
its/searches/
text posts)

Ekstrom (visits, and ratios)
Website visits

Tweets (w/ word "Asthma”)
Google search trends
Predictor/Type Calendar
Date Index

Time of the day

Year

Month

Day Of the Week

Day of Month

Day of the Year

Working Day

Holidays
Holiday length
Vacations

Public Events
(minor, major, all, and specific)

>
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Study Chou-Chenand Guoetal.(2024) Zhongetal.

Barboza (2024) (2024)

Yang et al. de Souza Tadano Mutlu

(2025)

etal. (2024)

etal.
(2024)

Kurucz Susmann Cappelli

etal. (2024) et al.
(2025)

etal. (2024)

Work day (last and first)
Season

Period (Warm, Cold)
Rainy Season

Difference between the
corresponding day

and the last day

of the rainy season of each year

Day of the Quarter

Modulus for Quad-weekly
frequency

Week Number of the Year
(Monday and Sunday start)

Indicator for any Friday
immediately following a
national holiday

Indicator for days following
a national holiday

Holiday Indicator: July 14
Holiday Indicator: Christmas

Holiday Indicator:
New Years Eve

Holiday Indicator:
New Years Day

Predictor/Type Time series
features

Difference value
(previous 1-27 days)

Moving Average
Standard deviation
Kurtosis

Skewness

Predictor/Type Demo-
graphic/Soci-
oeconomic

Land Value (median and mean)
Population Density (Mean)

Households with at
Least One Unsatisfied
Basic Need (Mean)

Household Head with
Unfinished High School
Studies (Mean)

Unemployment rate
Violent crime rate
Median Age of a city

Population size

(Daytime for 6am-5:59pm
and at night time for 6pm-
5:59am)

Population size

Population size (> 65 years older)
Ratio of Men to Women
Mean Annual Taxable Income

Predictor/Type Hospital (Vis-
its/Beds)

Hospital capacity
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Study Chou-Chenand Guoetal.(2024) Zhongetal. Yang etal.de SouzaTadano Mutlu Kurucz Susmann Cappelli
Barboza (2024) (2024) (2025)  etal.(2024) etal. etal. (2024) et al. etal. (2024)
(2024) (2025)
Mean of all available Hospital
Beds
Sum of all available Hospital Beds
Daily Admissions (avg/std) A A A A A
Predictor/Type Not reported
MV, ALT, and Other factors (?)
This table presents the base predictors, i.e., not including the lagged predictors
/\ Candidate Predictor
A Final predictor used
(1) Did not report the final predictors used for each model
(?) Indicates that the authors did not provide a definition for this variable
* Indicates the use of avg, max, and min values
** Indicates the use of AQl values
Abbreviations LST™M Long short-term memory
Al Artificial intelligence LWLR Locally weighted linear regression
ANN Artificial neural network MLWLR Multiple Locally weighted linear regression
AUC Area under the curve MAE Mean absolute error
AR Autoregressive model MASE Mean absolute scaled error
ARIMA Autoregressive integrated moving average MAPE Mean absolute percentage error
ARIMAX Autoregressive integrated moving average with exogenous MARS Multivariate adaptive regression splines
features MBE Mean bias error
BJML Daily minimal bed requirement (Besoin Journalier Minimal en ML Machine learning
Lits) MLP Multilayer perceptron
BiLSTM Bidirectional long short-term memory MLR Multiple linear regression
cD Cerebrovascular disease MOV Mean observed value
CHARMS Checklist for critical appraisal and data extraction for system- MSE Mean square error
atic reviews of prediction modeling studies NB Naive bayes
@ Cerebral Infarction NR Not reported
CNN Convolutional neural network. PRISMA Preferred reporting items for systematic reviews and
CNN-LSTM Hybrid convolutional neural network + long-short term meta-analyses
memory PROBAST Prediction model risk of bias assessment tool
COPD Chronic obstructive pulmonary disease PROSPERO International prospective register of systematic reviews
cv Cross-validation QGAM Quantile generalized additive model
CVvD Cardiovascular diseases QR Quantile regression
DRF Distributed random forest R correlation coefficient
DL Deep learning RMSD Residual mean square deviation
DT Decision trees RBF Radial basis function network
ED Emergency department RoB Risk of bias
ELSTM enhanced long short-term memory ROC Receiver operating characteristic curve
EPV events-per-variable RF Random forest
e-EPV estimated events-per-variable RH Relative humidity
ELM Extreme learning machines RG Ridge regression
ESN Echo state networks RLS Recursive least squares
ENMD Endocrine, nutritional, and metabolic disorder RMSE Root-mean-square error
ETS Error-trend-seasonal RNN Recurrent neural networkl
FNN feedforward neural networks SA Simulated annealing
FH forecast horizon SAH Subarachnoid hemorrhage
FS Floating search SARIMA Seasonal autoregressive integrated moving average
GAM Generalized additive model SCNN-BILSTM  Stacked-dilated-causal BiLSTM
GBDT Gradient boosting decision tree Snaive Seasonal naive
GBM Gradient boosting machine SFFS Sequential forward floating selection
GLM Generalized linear model STEMI/NSTEMI  non-ST-elevated myocardial infarction and ST-elevated myo-
GRF Generalized random forests cardial infarction
GRU Gated recurrent unit SVM Support vector machine
ICH Intracerebral hemorrhage SVR Support vector regression
IHD Ischemic heart disease TAPE Total absolute percentage error
KNN k-nearest neighbors algorithm TLRN Time lagged recurrent networks
LASSO least absolute shrinkage and selection operator TF-IDF Term frequency-inverse document frequency algorithm
LMS Least mean squares VAR Vector autoregression
LR Linear regression XGBoost eXtreme gradient boosting
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XRT Extremely randomized trees
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