Appendix

1 Glossary of model architectures

Model architectures were grouped into eight categories: graph neural network (GNN),
recurrent neural network (RNN, including LSTM and GRU variants), convolutional
neural network (CNN), transformer, hybrid mechanistic-ML models (models combin-
ing a physics-based model with ML), probabilistic/Bayesian model, classical machine
learning (not based on neural networks e.g., random forest, XGBoost, support vec-
tor machine, naive Bayes, symbolic regression) and “other” for approaches fitting
none of these (generative adversarial networks, radial basis function networks, pseudo-
grouping adversarial learning, and a multilayer perceptron).

1.1 LSTM/GRU/RNN based models used in the included studies.

Model Definition Reference
Recurrent neural net- Neural network that processes temporal, sequen-  [1]]
work (RNN) tial data
Long short-term mem- Type of RNN which learns longer term dependen-  [2]
ory (LSTM) cies in data
Bidirectional LSTM Type of LSTM that processes sequences forwards  [3]]

and backwards
Gated recurrent unit RNN which uses gates to control information flow  [4]
(GRU)
Sequence-to-sequence Encoder-decoder network, captures temporal de-  [5]

model

pendencies in data

Table 1: Glossary of LSTM/GRU/RNN based models used in the included

studies.

1.2 Graph neural network based models used in the included studies.

Model Definition Reference
Graph neural network Neural networks that process graph structured [6} 7]
(GNN) data

Graph convolutional net- A GNN that aggregates neighbour information us- [

work (GCN)

ing a convolution operation



Model Definition Reference
Graph attention network  GNN variant that uses attention to weight the im-  [9]]
(GAT) portance of nodes

Message passing neural GNN where each node updates iteratively [1o]
network

Diffusion graph convo- A GCN variant that models propagation as a dif-  [11]
lution fusion process

Graph transformer GNN with transformer attention [12]]

Table 2: Glossary of graph neural network based models based models used in

the included studies.

1.3 CNN based models used in the included studies.

Model Definition Reference
Convolutional neural A neural network which uses convolutional filters  [|13]]
network
Residual network A CNN architecture that introduces residual con-  [|14]]
nections
U-Net A convolutional encoder-decoder architecture [15]]
Table 3: Glossary of CNN based models used in the included studies.
1.4 Hybrid mechanistic ML models used in the included studies.
Model Definition Reference
Physics-informed neural Neural network augmented with a loss function [16]
network which embeds differential equations
Hybrid mechanistic sta- Couples a ML model with a statistical model
tistical and ML
Ising dynamics informed Individuals represented as state ”spins” whose in-  [[17]]

deep learning model

teractions simulate contagion dynamics

Table 4: Glossary of hybrid models based models used in the included studies.



1.5 Transformer based models used in the included studies.

Model Definition Reference

Transformer A neural network which processes inputs using [|18]
self-attention mechanisms

State space model Process data through linear state space representa-  [|19]]
tion

Table 5: Glossary of transformer-based models based models used in the
included studies.

1.6 Probabilistic/Bayesian based models used in the included studies

Model Definition Reference

Bayesian neural network  Neural network where weights are treated as prob-  [20]
ability distributions

Gaussian process Defines a probability distribution over functions. [21]

Integrated nested Bayesian inference method for gaussian models. [22]

Laplace approximation

(INLA)

Distributional regression  Regression models that predict the full conditional  [23]]
distribution.

Naive Bayes classifier A probabilistic classifier based on Bayes’ theo- [24]

rum. “Naive” as it is assumed that the features
are independent.

Table 6: Glossary of probabilistic/bayesian based models used in the included
studies.

1.7 Classical ML based models used in the included studies

Model Definition Reference
Random forest Builds many decision trees and combines the out-  [25]]
puts.



Model Definition Reference

Gradient boosting Builds trees sequentially. Each new tree corrects  [26]]
the errors of the previous trees.

XGBoost Optimised implementation of gradient boosting [27]

CatBoost Gradient boosting on decision trees. [28]]

Support vector machine ~ Used for classification tasks. Finds the optimal [29]
hyperplane to separate data points.

LASSO regression Linear regression with a penalty on coefficients. [30]

Generalised linear model  Extends linear regression to handle non-normal [31]
data.

ARIMA/SARIMA Predicts future values based on historical data.
SARIMA explicitly models seasonal trends.

Vector autoregression Forecast multiple variables simultaneously.

Symbolic regression Searches over mathematical expressions to find [32]

the one that best fits the data.

Table 7: Glossary of classical ML based models used in the included studies.

1.8 Other models used in the included studies

Model Definition Reference
Generative adversarial Two neural networks are trained. The first is the  [33]]
networks generator which creates synthetic data. The sec-

ond is the discriminator which learns to distin-

guish real and fake data.
Radial basis function Neural network where each hidden layer com- [34]
neural network putes a radial basis function.
Pseudo-grouping adver- Clusters hidden group patterns and conceals these  [35]]
sarial learning from the model.
Multilayer Perceptron Feedforward neural network. (1]

Table 8: Glossary of ”other” models used in the included studies. These models
did not fit into any of the defined categories.



2 Search terms for each database

2.1 PubMed

Date: 20/11/25
Restrictions: None

("Infectious disease*”[All Fields] OR “epidemic”[All Fields] OR “pandemic”[All
Fields] OR "COVID-19”[All Fields] OR “malaria”[All Fields] OR “"Dengue”[All Fields]
OR ”Influenza”[All Fields] OR ’virus”[All Fields] OR “’bacteria”[All Fields] OR "tu-
berculosis”[All Fields] OR ”Zika [ All Fields] OR “chikungunya”[All Fields] OR "HIV”[All
Fields] OR ”measles”[All Fields] OR ”vector-borne disease”[All Fields] OR “respi-
ratory infection”[All Fields]) AND (“forecast”[All Fields] OR ”predict”[All Fields])
AND (”spatiotemporal ’[All Fields] OR ”spatio-temporal’[All Fields]) AND (”ma-
chine learning”’[All Fields] OR “deep learning”’[ All Fields] OR "artificial intelligence”[All
Fields] OR ”neural network*”[All Fields] OR “graph neural network*”[All Fields]
OR ”’convolutional neural network*”’[All Fields] OR “recurrent neural network”[All
Fields] OR ”transformers”[All Fields] OR ”attention model”[All Fields] OR ’support
vector machine”[All Fields] OR “random forest*”[All Fields])

2.2 Scopus

Date: 20/11/25
Restrictions: None

TITLE-ABS-KEY ("Infectious disease*” OR “epidemic” OR “pandemic” OR "COVID-
19” OR “malaria” OR ”“Dengue” OR “Influenza” OR "virus” OR ”bacteria” OR “tu-
berculosis” OR ”Zika” OR “chikungunya” OR “"HIV” OR “measles” OR “vector-
borne disease” OR “respiratory infection””) AND TITLE-ABS-KEY ("forecast*” OR
“predict*”) AND TITLE-ABS-KEY(”’spatiotemporal” OR ”spatio-temporal”) AND
TITLE-ABS-KEY ("machine learning” OR “deep learning” OR “artificial intelligence”
OR neural network*” OR “graph neural network®” OR “convolutional neural net-
work*” OR “recurrent neural network” OR “transformers” OR attention model” OR
”support vector machine” OR “random forest*”)

2.3 IEEE Xplore

Field searched: All Metadata
Date: 20/11/25
Restrictions: None

("Infectious disease*” OR “epidemic” OR “’pandemic” OR ”COVID-19” OR “malaria”
OR "Dengue” OR “Influenza” OR "virus” OR “’bacteria” OR “tuberculosis” OR ”Zika”
OR ”chikungunya” OR "HIV” OR “measles” OR “vector-borne disease” OR respira-
tory infection”) AND (“forecast*” OR predict*”) AND (”spatiotemporal” OR ’spatio-
temporal”) AND (”machine learning” OR “deep learning” OR artificial intelligence”
OR neural network*” OR “graph neural network®” OR “convolutional neural net-
work*” OR “recurrent neural network™ OR “transformers” OR attention model” OR
’support vector machine” OR “random forest*”)



2.4 Web of Science

Date: 20/11/25
Restrictions: None
TS=("Infectious disease*” OR “epidemic” OR ”’pandemic” OR "COVID-19” OR
“malaria” OR "Dengue” OR “Influenza” OR "virus” OR ’bacteria” OR “tuberculosis”
OR “Zika” OR “chikungunya” OR "HIV” OR “measles” OR ”vector-borne disease”
OR ’respiratory infection””) AND TS=("forecast*”” OR "predict*’) AND TS=("spatiotemporal”
OR ”spatio-temporal”’) AND TS=("machine learning” OR “deep learning” OR ”arti-
ficial intelligence” OR “neural network*” OR graph neural network*” OR ”convolu-
tional neural network*” OR “recurrent neural network OR “’transformers” OR ”atten-
tion model” OR “support vector machine” OR “random forest*”)

2.5 Compendex

Field searched: All metadata
Date: 20/11/25
Restrictions: None

("Infectious disease$” OR “epidemic” OR “pandemic” OR ”COVID-19” OR ”malaria”
OR ”Dengue” OR “Influenza” OR "virus” OR bacteria” OR "tuberculosis” OR Zika”
OR chikungunya” OR "HIV” OR “measles” OR “vector-borne disease”” OR “respira-
tory infection”) AND (forecast$” OR “’predict$”) AND (”spatiotemporal”” OR ”spatio-
temporal”’) AND (”machine learning” OR “deep learning” OR ”artificial intelligence”
OR ”neural network$” OR “graph neural network$” OR “convolutional neural net-
work$” OR ”recurrent neural network” OR “transformers” OR “attention model” OR
’support vector machine” OR “random forest$”)

3 Glossary of Model Evaluation Metrics

We provide definitions and formulas for all model evaluation metrics identified across
the included studies for completeness. Metrics are grouped by six categories - scale-
dependent error metrics, percentage and scale-free error metrics, agreement and corre-
lation metrics, information criteria and Bayesian model comparison, probabilistic and
distributional metrics and classification performance metrics.

We use y; to denote the actual (observed) value, g; tbe predicted value, n the num-
ber of observations, g the mean of observed values, and 3 the mean of predicted values,
unless otherwise stated.

3.1 Scale-Dependent Error Metrics

Scale dependent error metrics are defined as error metrics expressed in the same units
as the data, providing an interpretable measure of error. However, it is challenging
to use scale dependent error metrics to compare model performance across different
diseases, times and locations.



Metric Acronym Formula Definition
1 n

Mean MAE MAE = — Z ly: — Uil Average of the difference

Absolute s between observed and

Error predicted values.

1O 2

Mean MSE MSE = — Z (yi — 9i) Average of the squared

Squared "= difference between observed

Error and predicted values. Larger
errors are penalised more
since errors are squared.

1 o

Root Mean RMSE RMSE =, | — Z (yi — 9i) Square root of MSE,

Squared i converting MSE to the

Error original units to make it
more interpretable.

. RMSE
Normalised NRMSE NRMSE = —————— where ymax and ymin are  RMSE scaled so results can
RMSE . Ymax ™ Ymin be interpreted across
the maximum and minimum observed values. different dataset
ifferent datasets.

Rootmean ~RMSLE  RMSLE = 1 Z (log(1 + ;) — log(1 +y:))>  RMSE computed on

squared log = log-transformed values.

error

Mean MSLE MSLE = 1 Z (log(1 4 §;) — log(1 + 1:))* Unrooted version of

squared log "= RMSLE.

error

Normalised ND ND = M Total error normalised b

= 7 y the
deviation i il sum of observed values.

3.2 Percentage and Scale-Free Error Metrics

Percentage and scale free error metrics are relative to the actual value, expressed as a
percentage, allowing for models to be compared across diseases, times and locations.

Metric Acronym Formula Definition

100% <~ | yi — B
Mean MAPE MAPE = 0 Z Yi — Yi Measures the average
Absolute - Yi percentage difference
Percentage between predicted and
Error observed values.



Metric Acronym Formula Definition
Symmetric =~ SMAPE SMAPE = 100% Z v 7Ayi| Average percentage error
MAPE [t (gl +1:1) /2 which penalises under and

over prediction equally.
Root Mean RMSPE RMSPE = 100% x 1 Z Yi — Yi RMSE expressed as a
Squared s Yi percentage of the observed
Percentage values.
Error

B Z?:l lyi — il

Mean MASE MASE = =4 MAE scaled by the MAE of
Absolute T iz [Yi — Yie1l a naive (one-step lag)
Scaled forecast. A MASE value
Error below 1 indicate the model

outperforms a naive baseline.
Relative RSE RSE = Z’fl (i = yz)z Sum of squared errors
Squared 2 i1 (Vi = 9) normalised by total variance
Error in the observed data.
Mean MRPE MRPE = 1 Z Yi Y Average relative error that
Relative i Y keeps its sign.
Prediction
Error

3.3 Agreement and Correlation Metrics

Agreement and correlation metrics measure how well the observed and predicted val-
ues match in terms of value and direction.

Metric Acronym Formula Definition
n )2

Coefficient R? RZ=1- Z’ELZ% Proportion of variance in the
of Determi- >ic1(yi — 1) observed data explained by
nation the model.

. Var(y — 9) . 2
Explained EV EVv=1- Nar(a) Similar to R~, but calculated
Variance ar(y) from the variance of the

where Var(y — ¢) is the variance of the prediction
residuals and Var(y) is the variance of the observed

values.

residuals rather than their
sum of squares, meaning it
does not penalise systematic
over or under prediction.



Metric Acronym Formula Definition

n A~ ~
Pearson r r= nz’_l Wi y)(y; y} = Measures the strength and
Correlation Do Wi =922 (Ui — )2 direction of the linear
Coefficient association between

Concordance CCC

Correlation
Coefficient

Spearman’s
Rank
Correlation

Kendall’s
Tau

Spearman’s
p

Kendall’s
-

2poy0y
oy + 05+ (ny — pg)?
where p is the Pearson correlation coefficient
between y and §J; o, o are the standard deviations
of the observed and predicted values; and (i, 115
are their means.

_ 6 Z?:l d12
n(n? —1)
where d; = rank(y;) — rank(g;) is the difference

between the rank of the ¢-th observed and predicted
value.

CCC =

pszl

(concordant pairs) — (discordant pairs)

(3)
where a pair of observations (y;, 9;) and (y;, ;) is
concordant if the ranks agree in direction and
discordant if they disagree; () is the total number
of possible pairs.

T =

predicted and observed
values.

Measures the linear
association between
predicted and observed
values.

Measures the strength of a
monotonic association
between predicted and
observed values, by
comparing their relative
rankings rather than their
magnitudes.

Measures rank agreement
between predicted and
observed values based on the
proportion of pairs that are
ranked in the same order
versus reversed order.

3.4 Information Criteria and Bayesian Model Comparison

Information criteria and Bayesian model comparison metrics measure the accuracy of
models and penalise models which are unnecessarily complex.



Metric Acronym Formula Definition
‘Watanabe- WAIC WAIC = -2 (Ippd — pwaic) Scores how well a Bayesian
Akaike <« 1 S 1) model would predict new
Information Where 1pp.d __Zizl l?g.(g 25?1 plyi | 0 )> 15 data. Penalises overly
Criterion the log p.01ntw1se predlctlYe density summed over n complex models.

observations and S posterior draws 6°, and

pwaic = y_;—y Var, (logp(y; | 6°)) is the

effective number of parameters, estimated as the

variance of the log predictive density across

posterior draws.
Deviance DIC DIC = D(0) + pp, pp = D(#) — D(H) Balances how well a model
Information where D(0) is the average deviance across fits with how complex it is.
Criterion posterior samples of 6, D(6) is the deviance

evaluated at the posterior mean parameter estimate

0, and pp is the effective number of parameters

(the difference between the two).

. exp(—35Ayg) .

Bayesian BMA wy = T How much weight a model
Model Zm. exp(—?Am) o ) o gets when combining
Averaging where Ay, is the difference in information criterion predictions from multiple
Weight value (e.g. AIC or BIC) between model & and the models.

best-fitting model in the candidate set, and the sum

in the denominator runs over all m candidate

models being compared.
Log Score/ LS LS = 1 Z log f(y; | ) Measure of how likely the
Log i observed data is under the
Predictive where y; is the i-th observed value, 6 is the fitted model’s predictions.
Score (or posterior mean) parameter estimate, f(- | é) is

the model’s predictive density, and 7 is the number

of observations.
Bayesian pp = Pr(T(y"?,0) > T(y,0) | y) Checks whether the model’s
P-value simulated data looks like the

where y is the observed data, y™°P is data replicated
(simulated) from the model’s posterior predictive
distribution, and T'(-, 0) is a chosen test statistic
(e.g. mean, variance) computed on either the
observed or replicated data given parameters 6.

real data.

3.5 Probabilistic and Distributional Metrics

Probabilistic metrics assess over a range of predictions, rather than a single prediction,
providing a quantification of uncertainty in the models predictions.

10



Metric Acronym Formula Definition
oo
Continuous ~ CRPS CRPS(F,y) = (F(z) — 1{z > y})* da Like MAE, but for models
oo . .
Rankeq . where F' is the model’s predicted cumulative which predict a range of
Probability o ) . outcomes rather than one.
Score distribution function, y is the observed value, and

Weighted WIS
Interval
Score

Freeman-
Tukey
Statistic

1{z > y}is 1 if z > y and 0 otherwise.

WIS—<|y m|+z ISa, (v

where y is the observed value, m 1s the model’s
median predicted value, K is the number of central
prediction intervals reported, and for each interval
k, ay is its miscoverage level (e.g. o, = 0.1 for a
90% interval) and

ISa, () = (us — lg) + 2l —y)H{y <

Ik} + 2 (y — ug){y > uy} is the interval score,
with I, u, the lower and upper bounds of that
interval.

FT:i(ﬂ_@f

Scores how good a model’s
predicted ranges are,
rewarding both narrow
intervals and intervals that
contain the true value.

Measure the gap between
predicted and observed data.

3.6 Classification Performance Metrics

Classification performance metrics are used when the outcome of the model is a cate-

gory rather than a number.

Metric Acronym Formula Definition
TP+TN
Accuracy Accuracy = TP+TN 1 FP+FN where TP, The pr(?portion of
TN, FP, FN denote the number of true positives, predlc?ons the model got
true negatives, false positives, and false negatives correct.
respectively.
. . .. TP . .
Precision Precision = TPLFP Proportion of predicted
+ positives that are true
positives.
TP .
Recall Recall = TPLFN Proportion of actual

11

positives correctly identified
by the model.



Metric Acronym

Formula

Definition

F-score Fy

Area Under AUC

P =2 Precision - Recall

" Precision + Recall

1
AUC = / TPR(FPR™!(z)) dz
0

One score that combines
precision and recall.

Performance metric for

the ROC binary classification models.
Curve Evaluates models ability to
distinguish between classes.
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Predicti f the P I f COVID-19 Usi
re.s ¢ I,on 9 N |.'eva enc.e ° slng. Kong, Liangand Guo, Yanhuiand |Smart Innovation, Systems and 10.1007/978-981-
Epidemic Differential Equations and Deep Learning n . 2025 410 SIST NA 305-316
Lee, Chung-Wei Technologies 97-7786-0_25
59| Network
ACM Int ti | Conf 10.1145/3460238.3
Research on the Forecast of the Spread of COVID-19 | Guo, Lihao and Yang, Yuxin " E.srna |9na onference 2021 NA NA 47-51 /
60| ProceedingSeries 460246
SUSTAINABLE ENERGY
Research on the regional prediction model of urban |Han, Band Mao, Y and Liu, ZH and TECHNOLOGIESAND 2023 60 NA NA 10.1016/j.seta.202
61 raster infectious diseases based on deep learning Wang, LA ASSESSMENTS 3.103518
RESEAT: Recurrent Self-Attention Network for Multi- |J. Moon and S.JungandS. Park IEEE Journal of Biomedical and 10.1109/JBHI.2023.
. . . 2023 27 5 2585-2596
62|Regional Influenza Forecasting and E. Hwang Health Informatics 3247687
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64| network (STSGT) for COVID-19 forecasting W. Smart Health 2022 % NA NA 2.100348
Spatio-temporal epidemic forecasting using mobility |Jiao, S. and Wang, Y. and Ye, X. Scientific R N 2025 15 1 NA 10.1038/541598-
65 data with LSTM networks and attention mechanism |and Nagahara, L. and Sakurai, T. clentific Reports 025-94089-9
Spatio-temporal prediction of the COVID-19 Nikparvar, B and Rahman, MM 10.1038/541598-
pandemic in US counties: modeling with a deep . n SCIENTIFIC REPORTS 2021 11 1 NA
and Hatami, F and Thill, JC 021-01119-3
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Spatio-t | oredicti £ COVID-19 test van Zoest, V and Varotsis, G and
patio-temporal predictions o “19tSt  IMenzel, U and Wigren, Aand 10.1038/541598-
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BE computing p 8 | Ghosh, SK and Buyya, R EXPERIENCE - -1002/spe.
75|and management
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Univers.al risk ph.enotype of US countie.s‘for flu-like ) ) 10.1371/journal pe
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Neural Network framework for forecasting Spatio- . . 2024 42-48
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D2. Characteristics of included studies.




Code

ID |Disease Region Spatial scale |Temporal Forecast horizon| available? Size of Dataset Software used
resolution (Y/N)
1 |covip-19 Castilla-L Spai Health Dail 7-dav " Available on |March 1, 2020, to February 5 R
astilla-Leon, Spain ealth zones aily lay forecasts request 2021, 245 health zones
. . . 1st August 2020 to 20th
2 |[coviD-19 Regio Emilia, Italy 12kmx 12kmg |Daily 7-day forecasts No September 2021 R
o Kand 1 January 2015 to 30 August
X ) - X neweekan 2017, over 716 hospitals .
3 [|Influenza Shenzen city, China District Daily two-week No N Not mentioned
dicti (no.days x no. hospitals (973 x
predictions 716)
4 |COVID-19 Tehran, Iran 30m spatial celld Daily Didn't say No 20Feb 2021-20Feb 2022 MATLAB, ArcGIS
5 |COVID-19 USA stat Stat Dail 7,15,30,60d N August 2020 to October 2022. Pyth
states ate aty P ays(Ro 783 days x 48 states ython
5 and 10 days for USA =9 March 2020 - 8 April
6 [COvVID-19 Regions, USA and Italy Regions by grid |Daily USA,5and 8 No 2020. Italy =5 Feb 2020 to 10 Not mentioned
days for Italy April 2020
us
department of
. " health and CDC = 2002 - 2016. GFT = 2003 -
7 |Influenza Regions and cities USA Weekly 1-5weeks No
human 2014
services
region
Hand, foot and 4,8,12 k:
8 anc, 0? an Guangdon and Shandon, Ch| Prefecture Doesn’t say » 8 L2 Weeks No 1Jan 2011 to 31 Dec 2019 Not mentioned
mouth disease forecasts
https://githu
_ ) 7,14,21, 28 day | 2com/Fede:
9 |COVID-19 Italy Region Daily forecasts stack/Proba [Jan 2020 - Jan 2024 Python
bilistic-
CoviD19
Cri -C
10 rimean 9”g° Turkey Province Monthly Monthly No Jan 2004 - Dec 2015 R
Hemorrhagic fever
https:/ github.
com/ ESA-
11 | Dengue Brazil, Peru Federal unit, d | Monthly Monthly E:;:?:LESA’ 19 years. 2001 - 2019 Python
Dengu e?ore
castP roject
https://githu
1,2,3,4weeks [b.com/geoh |1 April2020to 20 Feb2021.3000
12 |COVID-19 USA County Weekly K . Python
for 17 weeks ai/ counties
covid-Istm.
14 daysfor 5 September 2020 to May 2021
13 |COVID-19 Portugal Municipality Daily aystor Not available P em. er N o May X Not mentioned
months 19 spatial units
https://githu
14 |COVID-19 Italy Region Daily "short term" b.com/pcm- | 24th Feb - 5th May 2020 Python
dpc/COVID-
19
15 |Dengue Sri Lanka District Weekly Weekly over a yea Not available | 2011-2018 Not mentioned
16 |Influenza, Cholera, [India State Weekly 6 weeks Not available | 12 years R, Python
3 May 2020 - April 23 2021. 355
17 | covip-19 USA Global, USstat | Daily Daily Not available day:y pri Python
https://githu
b.com/thira
1/1/2019 - kawa/dengu
18 | D Tai T ill Dail 16/2/2002 - 22/9/2020 Pyth
engue aiwan own/village aily 22/9/2020 e /2/. /9/. ython
feverPredict
ionUNet.
19 |COVID-19 Germany District Weekly Weekly Not available | Didn't say R
20 |COVID-19 Global Country Daily 7 days Not available | January - October 2020 Python
https://githu
21 |covip-19 J Prefect Dail 7d b.com/deep 1/1/2020 - 28/2/2021 Pyth
apan refecture aily ays kashiwa20/ ython
ODCRN
Italy = 24/2 - 12/5, England =
13/3-12/5,Spain=12/2-12/5
Italy, England, France, . i / /5, Spain / _/ !
22 [covID-19 Spain NUTS3 Daily 3 days, 7 days Not available | France = 10/3 - 12/5. 105 regions | Doesn’t say
P Italy, 129 England, 35 Spain, 81
France
23 |COVID-19 n/a Idealized tows |Daily 45.5 days Not available | N/A Python



https://githu/
https://githu/
https://githu/
https://githu/
https://githu/

24 |covip-19 J USA Statesand Dail 3,7,14d Not availabl USA=12/4/2020 - 15/4/2021, Didn't
apan, prefectures |2 s/, 15 days otavallable) . han = 2/4/2020 - 24/9/2021 lan't say
https://githu
25 |covID-19 USA C t Dail 7d S May to D ber 2020 Pyth
ounty aily ays akshal8/AR ay to December ython
M3Dnet
https://githu
b.com/
1-52 biweekly
26 | Measl England and Wal Cities and tow| Biweekl time st MVAtGMED g4~ 1965, 1452 regi Pyth
easles ngland and Wales ities and tow| Biweekly ime steps den/deep m - , regions ython
ahead
easles dyna
mics.
27 |COVID-19 Mumbai, India City ward level| Daily 7 days Not availablel N/A Python
P
28 | covip-19 Madrid. Spain rimary care -\ eekly Weekly Not available| Feb 2020 - March 2022 Python
centers - 286
https://githu
29 | Ebol West Africa and Sierra citi il o 't Weekl b.com/afofa [2014-2016 - West Africa and Pyth
ol Leone ties and viflg Doesn't say eexly nah/DeepEV |2015 -2016 Sierra Leone ython
DMob.
2010-2018 for 469 ki
30 | Influenza like illness | USA Health and hu | Weekly 1year Not available] ) or weekly MATLAB.
observations
31 |COVID-19 USA National and s| Daily 14 days Not available]Jan 22 2020 - 25 Aug 2021 Python
. . . 24 Feb 2020 - 18 June 2020. 113
32 |COVID-19 Italy Region Daily 3days Not available] . Python
days x 7 regions
33 |Zika Brazil State Weekly (aggregated Year Not available] 2017 - 2018 Doesn't say
to monthly)
34 | Tuberculosi Japan, Chi Prefect Monthl 3,6,9,12 monthq Not available] 2 - 2N 2014 -Dec2008.
uberculosis apan, China refecture onthly ,6,9,12 monthg Not available] Japan = Jan 1998 - Dec 2015 ython,
t
https://githu
b.com/ichbi
35 |covID-19 Germany, China Province, stat¢ Daily 7,14,21, 28 days | nshhan/Epi- |365 days Python
Spatio-
Temporal-
Teilen
https://githu
36 |COVID-19 USA County Daily 1-5 weeks b.com/vixer |September 2020 to May 2022 Python
unt/HOIST.
Global, US
37 |COVID-19 USA and global state, US Daily 4 weeks Not available] 25 weeks Not mentioned
county
38 [covip-19 USA State Daily Daily Not available ;ﬁzAlpr" 2020 - 20 December Python
39 |COVID-19 USA County Daily 7 days Not available] 6th Jan 2020 - 23rd Jan 2022 Not mentioned
40 |COVID-19 UK, USA State Daily 1, 14, 28, 42-day f| Not available| 1 March 2020 - 1 March 2022 Python
Italy - 24/2/2020 - 15/5/2020.
41 | covip-19 Spain, Italy, France, Regi Dail 7 14, 214 Not availabl France 10/3/2020 - 15/5/2020. b "
England eglons ally » 14, £L-cay Ot avallablel ¢ oand - 13/3/2020 - 15/5/2020. | 20" £ 53
forecasts )
Spain - 12/3/2020 - 15/5/2020
42 |Tuberculosis England Country Daily "Shortterm" - up{ Not available| 2022 - 2024 R
43 |1 New Zealand District health| Daily 14 days Not available] 2019 x 7 regions Doesn’t sat
44 | Dengue Sri Lanka District Weekly 3 weeks ahead Not available] 2013 - 2022 Python
45 [covID-19 USA County and re | Weekly 1,2,3 weeks Not available] 6/4/2020 - 12/7/2021 Not mentioned
46 [COVID-19 USA Statesand Daily 2 weeks Not available] 1 March 2020 - 31 March 2021 Not mentioned
counties
10 and 20 st
47 | Chickenpox Hungary Regions Weekly aheaand steps Not available] 2005 - 2015, 20 regions Doesn't say
https://githu
48 | covID-19 USA Stat Weekl 1-4week b-com/hongr 2/8/2020 - 1/8/2021 Pyth
ate eexy weelks u94/multi_st ython
age_LSTM.
https://gith
49 [Inf USA, J Regi Weekd 3.5, 10 timesteps| b.con ///gl' | |usa-2002-2017.s3pannvg |
nfluenza , Japan egion, eekly , 5, imesteps{ b.com/mina |, o o019 ython
prefectures sora/ISID
Jan 2010-J 2016. 790 x 442
50 |Dengue Brazil Cities - 790 | Weekly 4 weeks Not available] vj‘zeks une X Not mentioned
20 April 2020 - 5 June 2020, 45
51 |covip-19 USA Stateand  |5or10days 1-15 days Not available| =~ P une 2020, MATLAB

counties

days



https://githu/
https://githu/
https://githu/
https://githu/
https://githu/
https://githu/
https://githu/

https://

doi.org/ 10.
- - 1186/
52 |Salmonella Italy Municipality | Monthly Not explicitly rep <13567- 2014-2018 R, stata, QGIS
024-01323-
9.
West Nile
53 | neuroinvasive Continental US 9 climate regid Annual 1year Not available | 2005 - 2021 R
disease
54 |COVID-19 Global and US Global, US stat| Daily 1-4 weeks Not available | 3 May 2020 - 23 April 2021 Not mentioned
55 |COVID-19 Germany, Italy, Spain Country Daily 10 days Not available [ 22 Jan 2020 - 28 April 2020 Python
56 |COVID-19 Hong Kong, China District =18 |Daily 1day Not available | 27 December 2021 - 17 July 2022 | Not mentioned
COVID-19, D
57 Influenza » DENgue, Not specified Multiple regio | Weekly 1 week head Not available | Not reported Not mentioned
58 | Influenza Japan Prefecture Weekly 1-5weeks Not available 2;; week 2014 to 30th week Not mentioned
59 |COVID-19 Italy Regions Daily 3 days Not available | 24/2/2020 - 18/6/2020. 113 days |Python
X ) ) 1 May 2020 - 30 November 2020. .
60 |COVID-19 USA Counties Daily 7 days Not available Not mentioned
221 days
61 | Tuberculosis China City, 50 by 50 ¢ Monthly 6 months Not available | 2005 - 2015 Python
US states = 40th week 2020 -
Stat 2 -5 weeks, 10- 20th week 2021. US regions = 1st
62 | ini o COVID USA, Japan and multiple aAes, Daily for COVID-19, |26 weeks for Not week 2002 - 18th week 2020. Pyth
niiuenza an European nations reglfonts, Weekly for influenza |influenza, 7 days |available Japan = 31st week 2012 - 20th ython
pretectures for COVID-19 week 2020. COVID-19 = 24th Jan
2020 - 9 May 2021
63 |COVID-19 Madrid. Spain District Weekly One week Not available | Feb 25, 2020 - March 29, 2022 Python
15 March 2020 - 30 November
64 |COVID-19 USA State and Daily up to 12 days https/github.com’s 12021 - Johns Hopkins. 18 March | Python
counties 2020 - 30 November 2021 NYT
6D ber 2020 - 16 Octob
65 |COVID-19 Japan Prefecture Daily 1-4weeks Not available Zozelcem er ctober Python
https:// github.
) ) com/ behna 56t January 2020 - 12
66 |COVID-19 USA Counties Daily 1-4weeks mnkp/Covid- Python
19- Predi September 2020
ction. git.
https://github.
com/MolEpicU
67 |COVID-19 Uppsala, Sweden Service point d Weekly 1 week Ulspatiotempo | 29 June 2020 - 4 July 2021 R
ral_predictions
_COovID19
https://githu
b.com/mind
68 | Dengue Bandung city, Indonesia District Monthly 2 years ra- 2009 - 2023 R
bit/Dengue
Forecasting
69 Dengue, Recife, Brazil City Monthl 2 months Not available | 2013 - 2016 QGIS, python
Chikungunya, Zika ’ ¥ ¥ " PY
70 | Chickenpox Hungary County Weekly 10 weeks, 20 wee| Not available [ 2005 - 2014 Not mentioned
https://githu
71 | covip-19 UsA Count Weeki 1-4weeks b.com/BeoN {5\ eeks x 3103 counties Python
y v ai/COVID19- v
STGXB63
72 | Crimean-Congo Hae| Turkiye Province Monthly 2 years Not available 2004 - 2015 R
23 March 2020 - 18 Septemb
73 [covip-19 USA State and Daily 2,5,10, 15 days |Not available zozoarc EPLEMBET 1 python
counties
China, Australia, UK, . . . 22 January 2020 - 6 October
74 | COVID-19 France, Netherlands Province Daily 3,7,14,28 days |Not available 2022 Python
75 |COVID-19 West Bengal, India Regional grids | Weekly Near future Not available | 6 months QGIS, Python
N Epidemiological week 40 2010 to
76 |IUl USA State and Weekly 1,2,3,4,5weeks|Not available| . . . Python
. epidemiological week 18 2018
counties
https://githu
b.com/zerok 471 weeks Jan 2003 - 2011 ILI.
77 |ILI, COVID-19 USA County Weekly Weekly nowledgedis | COVID data March 2020until Python
covery/unitc |end of May 2021
ov
https://drive.google
com/file/d/1YvkKs
78 | Dengue Indonesia District Annual Annual fyvrwancosaoxm 2012-2018 Python
vZsuljpaz-
kiview?pli=1
Country,
79 |COVID-19 UK, USA continent, Daily 14 days Not available |January 2021 - May 2021

global



https://github.com/s
https://github/
https://githu/
https://githu/
https://githu/
https://drive.google/

Available

8| COVID-19 USA County Daily 5,15, 20 days on 22 March 2020 - 10 June 2020 Not mentioned
0
request
NUTS3 Cﬁps://gi‘h“ Italy = 24/2 - 12/5. England =
8| COVID-19 Italy, France, Spain, . Daily 1-14days ) 13/3-12/5.Spain=12/3 - Python
regions com/geopa
1 England nag 12/5. France 10/3 - 12/5
/pandemi
c tgnn
Daily for COVID, 1 day f
8| CoVID-19 England, Hunga Region . \Llo; I CO?/TDorl Not COVID = March - May 2020. Not mentioned
) ! gland, fungary 8 weeidytor ! ) Chickenpox = 2004 - 2014
2| Chicken Chickenpox week for available
Chickenpox
1/4/2020 - 21/9/2021 x 47
8| COVID-19 Japan Prefecture Daily 3,7,14 days https://git 14/ 19/ X Python
3 hub prefecture
USA=1May 2020- 31
State, ; https://github. December .
- V
i covib-19 Japan, USA prefecture Daily Z’alg’ 15,20 jmaoya’,BD 2020 - 245 days. Japan = 15 Python
¥ STG NN. January 2022 - 14 June 2022 -
151 days
8| U Taiwan County Weekly 1 week Not Week 14 2008 - week 10 2020 Not mentioned
5 available
Japan Prefectures = Aug
2012 - March 2019. US
8| Inf d Japan, USA, Australi Prefecture, | paily/weekt 3,5,7,10,14, | nhtpsigitn | [oBIONS=2002- 2017.US Pyth
nfluenza an apan, , Australia, . aily/weekly ,5,7,10, 14, ps:/gi _ . ython
6| covip Spain region, 15 ub. States = 2010 - 2017.
state Australia = 27 Jan 2020 - 4 Aug
2021.Spain=20Feb 2020 -
20
June 2020
hitps://github. Not mentioned
com/ ChenX / /16 he last
i 3/1 to the las
8| o Brazil Stat Weeki 4or12 fangt 998/
engue rezi ate eexly or LSTM- epidemiological week of 2023
7 months Based-
Dengue-
Predi ction-
Across-
Brazil.
8| COVID-19 USA County Daily 5,15, 20 days Not January 16, 2020, to May 8, Not mentioned
8 available 2023, Japan, January 22,
2020, to March 9, 2023. USA
334d 1Jan2022-30N
8| COVID-19 China Province Daily 3-7days github.co ays Jan ov Python
2022
9 m/
Not mentioned 2010 - last k 2016 = 364 Python
9| Influenza -like- USA District Weekly Not as weg Y
. N weeks x 10 regions
0| illness available
Stat Dail
9| covip-19 China, Brazil, Austria ate or Y 7 days Not 2020 COVID-19 data Python
province .
1 available
9| CoOVID-19 USA States Daily 30, 60 days Not 1 May.- 30 October 2021 x 51 Not mentioned
2 available states
Not
9| COVID-19 The Netherlands Municipalit Daily 1 week, 2 available 1June 2020 - 10 April 2022 Python
3 y weeks

D3. Model architectures used in the included studies.
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https://github/
https://github/
https://github.com/
https://github.com/
https://github/
https://github/
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Graph type

. Mechanistic | Parameter
(static/ del I i Attenti
ention
Core model (LSTM / GNN / Transformer/  |dynamic/ mode e?rnlng ) ) Decoupled Surrogate
ID . . embedded? |(direct/ mechanism |Multigraph? .
Hybrid) adaptive / . transmission? |model?
. R (SIR / SEIR / |inferred / ?
hierarchical )
) Rt) Bayesian)
Hybrid - LSTM and Bayesian neural network X
1 N/A No Bayesian No No No No
layers
2 LSTM, CNN N/A No Direct No No No No
Feedforward convolutional residual .
3 ) N/A No Direct No No No No
architecture
4 CNN N/A No Direct Yes No No No
5 Transformer, GCN Dynamic No Direct Yes Yes No No
6 Convolutional neural network, LSTM N/A No Direct No No No No
7 LSTM N/A No Direct No No No No
8 GCN Static No Direct No No No No
9 CNN-LSTM N/A No Direct No No No No
10 |Gaussian process N/A No Bayesian No No No No
11 [LSTM, CatBoost, SVM N/A No Direct No No No No
12 [LSTM N/A No Direct No No No No
Symbolic regression and geostatistical .
13 N/A No Direct No No No No
model
14 |GCN +LSTM Dynamic Yes Direct No Yes No No
15 |Compartmental and LSTM N/A Yes Direct No No No No
16 |Bayesian modelling + RNN N/A No Hybrid No No No No
17 |GCN Dynamic Yes Direct Yes No No No
18 |U-Net based encoder N/A No Direct No No No No
19 |GNN + Distributional regression Static No Direct No No No No
20 |Encoder decoder model N/A No Direct No No No No
. Staticand .
21 [Convolutional recurrent neural network K Yes Direct No No No No
Dynamic
22 [State space model Dynamic No Direct No No No No
23 | Generative adversarial network N/A Yes Direct No No No No




24 | GRU and self-attention Dynamic No Direct Yes No Yes No
Diffusion graph convolution, autoregressive R .

25 . . Dynamic No Direct No No No No
LSTM, mixture density network

26 |Feedforward neural networkand PINN N/A Yes Direct No No No No

27 |LSTM and reinforcement learning N/A No Direct No No No No

28 |CNN and LSTM N/A No Direct No No No No

29 [GCN and LSTM Dynamic Yes Direct Yes No No No

30 [Radial basis function neural network N/A No Direct No No No No
SARIMAX, minimax concave probability,

31 vector autoregressive, GCN-LSTM, Wavelet Stati N Direct N N N N
ANN, Augmented NN, Deep AR, GRU + atic ° rec ° ° ° °
LSTM, random walk

32 [Hybrid compartmental and LSTM N/A Yes Direct No No No No
random forest, gradient boosted .

33 . N/A No Direct No No No No
regression, deep neural network
Hybrid mechanistic deep learning model. )

34 Static Yes Inferred Yes No No No

Modified network SIR model




Hybrid mechanistic deep learning model. Staticand .

35 . K Yes Direct No No No No
Spatiocontact SIR model Dynamic

36 |Ising dynamics based deep learning model |N/A Yes Direct No No No No

37 |RNN, GRU, LSTM N/A No Direct No No No No

38 |LSTM N/A No Direct No No No No
Hybrid spatiotemporal neural architecture .

39 . K . N/A No Direct Yes No No No
with generalized attention

40 |Graph neural networkand LSTM Dynamic No Direct Yes Yes No No

41 [GNN Static No Direct No No No No

42 |Gaussian process N/A No Inferred No No No No

43 |Ensemble of autoregressive chains N/A No Direct No No No No

44 [GNN Static No Direct No No No No

45 | GNN and transformer Dynamic No Direct No No No No
Peicewise stochastic SIR model and vector .

46 R N/A Yes Direct No No No No
autoregressive model

47 | Psuedogrouping adversarial ML Static No Direct Yes No No No

48 |LSTM N/A No Direct No No No No

49 [Neural network N/A No Direct No No No No

50 |LSTM, random forest, LASSO regression N/A No Direct No No No No

51 |LSTM N/A Yes Inferred No No No No
tree regression, random forest and .

52 N/A No Direct No No No No

gradient boosting




Always absent, negative binomial,

53 |autoregressive, random forest, neural N/A No Direct No No No No
network
Multirelational graph attention network
54 [and depth wise separable convolutional Static No Direct Yes Yes No No
neural network
convolutional neural network and gated .
55 . N/A No Direct No No No No
recurrent unit
56 |Gaussian process N/A Yes Direct No No No No
57 |LSTM +GCN Static No Direct No No No No
58 [GCN + sequence to sequence model Static No Direct No No No No
59 | Hybrid LSTM with differential equations Static Yes Direct No No No No
60 [Graph neural network Static No Direct No No No No
61 |ResNet +LSTM N/A No Direct No No No No
62 |Recurrent self-attention Dynamic No Direct Yes No No No
63 |LSTM N/A No Direct No No No No
64 |GCN and self-attention Dynamic No Direct Yes No No No
65 [LSTM and self-attention N/A No Direct Yes No No No
66 |LSTM N/A No Direct No No No No
Gradient boosting, random forest, ARIMA, .
67 N/A No Direct No No No No
INLA
SARIMA, XGBoost, RNN, LSTM, BiLSTM, .
68 N/A No Direct No No No No

CNN-LSTM, Bayesian spatiotemporal




69 |SVM, RF, EML, MLP, ESM, DeepESM, LR N/A No Direct No No No No

70 |Graph attention network Static No Direct Yes No No No
Extreme gradient boosting but five different

71 | ML models were tested to see which was N/A No Direct No No No No
the best

72 | Gaussian processregression N/A No Bayesian No No No No

73 |GCN + CNN + GRU Static No Direct No No No No

74 [GCN +LSTM + CNN Static No Direct No No No No

75 |[LSTM, GRU, attention mechanism Dynamic No Direct Yes Yes No No

76 |LSTM N/A No Inferred No No No No

77 |GLM and ensemble regressor N/A No Direct No No No No
Naive bayes classification prediction .

78 N/A No Direct No No No No
model

79 | Physicsinformed graph attention network |Dynamic Yes Direct No No No No

80 |Physicsinformed graph neural network Static Yes Direct Yes No No No
MPNN + LSTM and MPNN + transfer X .

81 X Dynamic No Direct No No No No
learning

82 | Physicsinformed graph neural network Static Yes Direct No No No No




Hybrid metapopulation model and graph
neural network model. Temporal

83 | convolutional network and graph Dynamic Yes Direct No No No No
convolutional module for learning spatial
dependencies
Graph neural network with SIR model . .

84 Dynamic Yes Direct No No No No
embedded

85 [GNN Static No Direct No No No No

86 |[GNN + CNN Static No Direct No No No No

87 |LSTM N/A No Direct No No No No
physics informed GNN , GAT. Encoder- . .

88 Static Yes Direct Yes No No No
decoder module
Hybrid metapopulation model and graph X .

89 Dynamic Yes Direct Yes no No No
transformer neural network

90 |EpiCNNRNN-Res and Epi-Cola-GNN Static Yes Direct No No No No
Dynamic adaptive spatiotemporal graphic X .

91 Dynamic No Direct Yes No No No
neural network

92 |GCN, GRU, MLP Static No Direct Yes No No No

93 | GAT, GRU Static No Direct No No No No

DA4. Covariates used in the included studies.




Case Variant Satellite Remote
ID [counts |Mobility |Climate |Pollution |Socioeconomic |Policy |frequency [data sensing Demographics Other
1] 1 1 0 0 1 0 0 0 0 0 Urban, shapefiles
2 1 1 1 1 0 0 0 1 0 0
3 1 0 0 0 0 0 0 0 0 0 0
4 1 0 1 1 0 0 0 1 0 1 Urban
5 1 1 0 0 0 1 0 0 0 0 0
6) 1 0 0 0 0 0 0 0 0 0 0
Google flu trends,
spatial proximity to
7| 1 0 1 0 0 0 0 0 0 0| neighboring regions
Latitude and longitude
8| 1 0 0 0 0 0 0 0 0 0 data
9 1 0 0 0 0 0 0 0 0 0 0
Latitude, longitude,
settlements, area
sown, buildings,
10 1 0 1 0 0 0 0 0 1 0| households, land use
11 1 0 1 0 1 0 0 1 1 1 0
12 1 1 1 0 0 0 0 0 0 0 0
Incidencein
13 1 0 0 0 0 0 0 0 0 0| neighboring regions
Population density,
14 1 1 0 0 0 0 0 0 0 1 health conditions
15 1 1 1 0 1 0 1 0 0 1 Vegetation index
16 1 0 1 1 1 0 0 0 0 1 0
Population, longitude
17, 1 0 0 0 0 0 0 0 0 0 and latitude
18 1 0 1 0 0 0 0 0 1 1| Longitude and latitude
19 1 1 0 0 0 0 0 0 0 1 Population size
20 1 1 1 0 1 1 0 1 0 0
21 1 1 0 0 0 0 0 0 0 1 0
22 1 1 0 0 0 0 0 0 0 0
23 0 0 0 0 0 0 0 0 0 0 0
24 1 1 0 0 0 0 0 0 0 0 0
25 1 1 0 0 0 0 0 0 0 0 Mobile phone signal
Incidence in
neighboringregions,
distance to nearby
26 1 0 0 0 0 0 0 0 0 1 cities
27| 1 0 0 0 1 0 0 0 0 0| Hospital information
Geolocated case
28 1 0 0 0 0 0 0 0 0 0 counts
29 1 1 0 0 0 0 0 0 0 0 0
30 1 0 0 0 0 0 0 0 0 0 0
Hospitalizations,
31 1 1 0 0 0 0 0 0 0 0 deaths, vaccinations
32 1 1 0 0 0 0 0 0 0 0 0
33 1 0 1 0 0 0 0 0 0 0 0
34 1 0 0 0 0 0 0 0 0 0 0
35 1 0 0 0 0 0 0 0 0 0| Recoveryanddeaths
Vaccination, medical
claim statistics,
medical resource
36 1 1 0 0 1 0 0 0 0 1 usage
Surveillance, testing
37 1 0 0 0 0 0 0 0 0 0 positivity
38 1 1 0 0 0 0 0 0 0 0 0
Mask usage, ICU bed
39 1 1 0 0 0 0 0 0 0 1| capacity, vaccination
40 1 1 0 0 0 1 0 0 0 0
41 1 1 0 0 0 0 0 0 0 0 0
Latitude and
longitude, population
42 1 0 0 0 0 0 0 0 0 0 size
43 1 0 1 0 0 0 0 0 0 0 0
44 1 1 0 0 0 0 0 0 0 1 0
Distances of
states/counties to
45 1 0 0 0 0 0 0 0 0 1 target




Adjacency between

46 1 0 0 0 0 0 0 0 0 0 regions
47 1 0 0 0 0 0 0 0 0 0 0
COVID symptom
48 1 1 1 0 0 1 1 0 0 1 survey
49 1 0 0 0 0 0 0 0 0 0 0
Social media data and
50 1 0 0 0 0 0 0 0 0 0 meteorological
data
51 1 1 0 0 0 0 0 0 0 1 Shapefiles
52 1 0 0 0 0 0 0 0 0 1| food surveillance data
Land use - urban,
53 1 0 0 0 0 0 0 0 0 1 crops, wetland
54 1 0 0 0 0 0 0 0 0 1| geographic proximity
55 1 0 0 0 0 0 0 0 0 0 deaths
buildings the
individual visited
within 14 days before
56 1 0 0 0 0 0 0 0 0 0 positive test
57 1 1 1 0 1 0 0 0 0 1 0
58 1 1 0 0 0 0 0 0 0 0 0
Infection rates of
59 1 0 0 0 0 0 0 0 0 0 nearby neighbors
Mask wearing survey,
60 1 1 0 0 0 0 0 0 0 0 daily deaths
61 1 1 0 0 0 0 0 0 0 1 0
62 1 0 0 0 0 0 0 0 0 0 0
63 1 1 0 0 0 0 0 0 0 0 0
Physical distances
64 1 0 0 0 0 0 0 0 0 0 between states
65 1 1 0 0 0 0 0 0 0 0 Hospitalizations
66 1 1 0 0 0 0 0 0 0 0 0
Hospitalizations, ICU
beds, calls to
healthcare advice
line, vaccine
coverage, social
67 1 0 0 0 0 0 0 0 0 1 contacts
68 1 0 0 0 0 0 0 0 0 0 0
Environment,
69 1 0 1 0 0 0 0 0 0 0 meteorologic
al
70 1 0 0 0 0 0 0 0 0 0 0
Social connectedness
71 1 1 1 0 1 0 0 0 0 1 data
geographic
coordinates,
72 1 0 0 0 0 0 0 0 0 0 seasonality
73 1 1 0 0 0 0 0 0 0 1] latitude and longitude
distance of the
geographic centre of|
74 1 1 0 0 0 0 0 0 0 1 mass
75 1 1 0 0 0 0 0 0 0 1
76 1 1 1 0 0 0 0 0 0 1 Google search data
77 1 0 0 0 0 0 0 0 0 1 0
Altitude, total
78 1 0 1 0 1 0 0 1 population
79 1 1 0 0 0 0 0 0 0
Medical claims data,
80 1 0 0 0 0 0 0 0 0 0 hospitalizations
81 1 1 0 0 0 0 0 0 0 0 0
82 1 1 0 0 0 0 0 0 0 0 0
83 1 1 0 0 0 0 0 0 0 0 0
84 1 0 0 0 0 0 0 0 0 0 0
Emergency
85 1 0 0 0 1 0 0 0 0 1 department visits
Proximity between
86 1 1 0 0 0 0 0 0 0 0 regions




Spatial influence from

87 1 0 1 0 0 0 0| neighboring states
Deaths, claim data
88 1 0 0 0 0 0 0 from IQVIA
89 1 1 0 0 0 0 1| Birth rate, death rate
90 1 1 0 0 0 0 0 0
Recovered, deaths,
influence of|
91 1 1 0 0 0 1 0 neighboring regions
92 1] 1 1 0 1 0 1 0
Interactions between
93 1 1 0 0 0 0 1 Regions

D5. Evaluation metrics used in the included studies.
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D6. Interpretability methods used in the included studies.
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Preferred Reporting Items for Systematic reviews and Meta-Analyses extension for
Scoping Reviews (PRISMA-ScR) Checklist

REPORTED
SECTION PRISMA-ScR CHECKLIST ITEM ON PAGE #

TITLE
Title Identify the report as a scoping review.
ABSTRACT
Provide a structured summary that includes (as
Structured applicable): bgckground, o_bjectives, eligibility criteria,
summary 2 sources of evidence, charting me_thods, re_sults, and 1
conclusions that relate to the review questions and
objectives.
INTRODUCTION
Describe the rationale for the review in the context of
Rationale 3 what is already known. Explain why the review

questions/objectives lend themselves to a scoping

review approach.

Provide an explicit statement of the questions and

objectives being addressed with reference to their key
Objectives 4 elements (e.g., population or participants, concepts, 2-3
and context) or other relevant key elements used to
conceptualize the review questions and/or objectives.

METHODS
Indicate whether a review protocol exists; state if and
Protocol and 5 where it can be accessed (e.g., a Web address); and if
. . . i . S O . n/a
registration available, provide registration information, including
the registration number.
Specify characteristics of the sources of evidence
Eligibility criteria 6 used as eligibility cr_lter!a (e.g., years conS|d_ered, 4
language, and publication status), and provide a
rationale.
Describe all information sources in the search (e.g.,
Information 7 databases with dates of coverage and contact with
sources® authors to identify additional sources), as well as the
date the most recent search was executed.
Present the full electronic search strategy for at least 1
Search 8 database, including any limits used, such that it could = Appendix
be repeated.
Selection of State the process for selecting sources of evidence
sources of 9 (i.e., screening and eligibility) included in the scoping 4
evidencet review.
Describe the methods of charting data from the
included sources of evidence (e.g., calibrated forms or
Data charting forms that have been tested by the team before their
10 . 4
processt use, and whether data charting was done
independently or in duplicate) and any processes for
obtaining and confirming data from investigators.
. List and define all variables for which data were
Data items 11 : e
sought and any assumptions and simplifications made.
. : If done, provide a rationale for conducting a critical
Critical appraisal of ) . . ] .
L appraisal of included sources of evidence; describe
individual sources 12 g ! n/a
: the methods used and how this information was used
of evidence§

in any data synthesis (if appropriate).
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REPORTED
SECTION PRISMA-ScR CHECKLIST ITEM ON PAGE #

Synthesis of Describe the methods of handling and summarizing
results the data that were charted.
RESULTS

Give numbers of sources of evidence screened,

Selection of assessed for eligibility, and included in the review, with
sources of 14 f g . . 5
evidence reasons for exclusions at each stage, ideally using a

flow diagram.

Characteristics of . -
For each source of evidence, present characteristics

sources of 15 for which data were charted and provide the citations. 5-7
evidence
C.”t'.cal appraisal If done, present data on critical appraisal of included
within sources of 16 . . n/a
. sources of evidence (see item 12).
evidence
Results of For each included source of evidence, present the
individual sources 17 | relevant data that were charted that relate to the 5-14
of evidence review questions and objectives.
Synthesis of Summarize and/or present the charting results as they
18 : . L2 5-14
results relate to the review questions and objectives.
DISCUSSION
Summarize the main results (including an overview of
Summary of concepts, themes, and types of evidence available),
. 19 ; . . S 14-19
evidence link to the review questions and objectives, and
consider the relevance to key groups.
Limitations 20 Discuss the limitations of the scoping review process. 18
Provide a general interpretation of the results with
Conclusions 21 respect to the review questions and objectives, as well | 18
as potential implications and/or next steps.
FUNDING
Describe sources of funding for the included sources
. of evidence, as well as sources of funding for the
Funding 22 1

scoping review. Describe the role of the funders of the

scoping review.

JBI = Joanna Briggs Institute; PRISMA-ScR = Preferred Reporting ltems for Systematic reviews and Meta-Analyses
extension for Scoping Reviews.

* Where sources of evidence (see second footnote) are compiled from, such as bibliographic databases, social media
platforms, and Web sites.

T A more inclusive/heterogeneous term used to account for the different types of evidence or data sources (e.g.,
quantitative and/or qualitative research, expert opinion, and policy documents) that may be eligible in a scoping
review as opposed to only studies. This is not to be confused with information sources (see first footnote).

I The frameworks by Arksey and O’Malley (6) and Levac and colleagues (7) and the JBI guidance (4, 5) refer to the
process of data extraction in a scoping review as data charting.

§ The process of systematically examining research evidence to assess its validity, results, and relevance before
using it to inform a decision. This term is used for items 12 and 19 instead of "risk of bias" (which is more applicable
to systematic reviews of interventions) to include and acknowledge the various sources of evidence that may be used
in a scoping review (e.g., quantitative and/or qualitative research, expert opinion, and policy document).

From: Tricco AC, Lillie E, Zarin W, O'Brien KK, Colquhoun H, Levac D, et al. PRISMA Extension for Scoping Reviews
(PRISMASCcR): Checklist and Explanation. Ann Intern Med. 2018;169:467—-473. doi: 10.7326/M18-0850.
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