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Abstract

Dengue fever is a mosquito-borne infectious disease and is a public health problem in many countries around the
world. This research aims to study the factors affecting the spread of dengue fever and to create prediction models
using machine learning techniques. The data were collected from the Phayao Meteorological Station and Phayao
Hospital between 2018 and 2022. The geographic information system was used to analyze the related factors. The
data preparation was performed by separating the datasets according to various factors, including gender, age group,
population, forest area, distance between outbreak areas and water sources, distance between re-outbreak areas,

average temperature, average relative humidity, average rainfall, and number of rainy days.
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All data were generated as monthly and weekly datasets. The prediction models are divided into regression
and classification types. The regression includes support vector machines, generalized linear models, and artificial
neural networks. The classification includes decision trees, gradient boosting trees, and random forests. The ensemble
method of stacking models is used to combine multiple machine learning algorithms to improve the performance by
using 2 algorithms as base learners and using another algorithm as the stacking model learner. Performance
evaluation was performed through five-fold cross-validation and the different datasets and learning methods were
compared.

The results found that the regression type using the generalized linear model as the stacking model
learner gave the best performance with an RMSE value of 1.457, while the classification using the gradient boosting
tree gave the highest performance with an accuracy of 99.12%. This study highlights the importance of using machine
learning techniques in forecasting dengue fever outbreaks, which can be used as an effective tool for disease

surveillance and control in the future.
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Table 1 Factors used in the study.

Factor Description Data type Source
Patient Number of dengue fever patients Label
Subdistrict Distriot Feature
Week Week Feature
Month Month Feature Phayao Hospital
Year Year Feature
Age Age group (Feature
Sex Gender group Feature
Population Population Feature Phayao Provincial Public
Health Office
Precipitation Average weekly/monthly rainfall (mm) Feature Phayao Meteorological
Humidity Average weekly/monthly relative humidity (percent) Feature Station
Rain-day Number of rainy days weekly/monthly Feature Phayao Meteorological
Station
Distance - water source Distance between outbreak are water source Feature
(meter/measure from center)
Geographic Information
Distance - repeated outbreaks Distance between reinfestation areas Feature Svst
ystem
(meter/measure from center)
Forest Forest area (square meter) Feature
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Figure 3 Procedures for implementation
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ﬁwumﬁmm%’ag&q@ﬁﬁaﬂa%ﬁm:vi’wmsﬂ%’umwwswﬁma‘?

U361 Max @1 Min 1iagluzaa 1 - 100 su Generalized
Linear Model U5u Parameter l1s184 stopping rounds 1w
ai"lmmauﬁiumaawqﬂmsﬂm‘ﬂu 3 38U T84 stopping
tolerance tilu 0.001 wazl? standardize USusinaved
Wwaﬂﬁagluﬁwﬁmﬁu luzes Value List 14 True
fu3EiAn Classification MIysudwINAiaas
Yadudazdana3iy #115U Decision Tree 1T maximal
depth aAnuAngIgavasdulsl Usudr Max f1 Min Twag)
1uz24 1 - 10 Criterion l#lumauesndayalavasudazlnua
lutas Value List 14 gain ratio, information gain, gini index
L8z accuracy &% Gradient Booting Tree 1 maximum
number of threads ﬁi’ﬁmmﬁmqaqﬂﬁmminslﬂmzwm
mMytszanana wnsUSus Max en Min lﬁag"’ﬁwﬁ 1-
100 13t min rows ﬁi’ﬂmwﬁa;‘J]a%u@fﬂﬁﬁaaﬁlmwiaﬂ%uﬂ
\avma split ﬁagalﬂ%uﬂﬁuﬂ M3U5uAT Max @1 Min
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mwﬁﬂqaq@ﬁﬁuﬁﬁanﬁﬂmiﬁhu@ia:ﬁu JFuen Max en
Min lﬁagluﬁaa 1 — 10 maximum number of threads L5736
qaq@ﬁmma‘nlﬁumiﬂi:mawa lunst5udn Max én
Min ’Lﬁag"'ﬁwﬁ' 1 - 100 uaz Criterion llunsusndaya
lavasudalrua lusas Value List IF gain ratio, informa-
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mahanudilafeiuieys > mawutoya Kigortm . nsUsziiuna
(Data Understanding) (Data Preparation) (Evaluation)
Support Vector Machine VI l
Generalized Linear Model NsaFRILUUNEINTal RMSE Accuracy
Artificial Neural Network = (Modeling) SE AUC
Decision Tree f-measure
Gradient Booting Tree
Random Forest
Figure 4 Forecasting model development process
Table 2 Datasets used in the study.
Data set Details Note

Month, Year, Annual population of Mueang Phayao District, Average
monthly temperature, Average monthly rainfall, Average monthly relative

Monthly age-group data
(age-month)

humidity, Number of rainy days per month, Age group, Distance between
outbreak areas and water sources, Distance between repeated outbreak

areas, Forest area.

(In the regression analysis,
the label used is the number of
patients per 100,000 population

Month, Year, Annual population of Mueang Phayao District, Average
monthly temperature, Average monthly rainfall, Average monthly relative
humidity, Number of rainy days per month, Gender group, Distance be-

Monthly gender-group data
(sex-month)

per month or per week; in the
classification analysis, the label
used is the presence or
absence of patients.)

tween outbreak areas and water sources, Distance between repeated

outbreak areas, Forest area.
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a
NYaziadn

RGO

Monthly sub-district data
(subdistrict-month)

Subdistrict, Month, Year, Annual population by subdistrict, Average
monthly temperature, Average monthly rainfall, Average monthly relative
humidity, Number of rainy days per month, Population by subdistrict for
each year, Distance between outbreak areas and water sources, Distance
between repeated outbreak areas, Forest area.

Weekly subdistrict data
(subdistrict-week)

Subdistrict, Week, Year, Annual population by subdistrict, Average
weekly temperature, Average weekly rainfall, Average weekly relative
humidity, Number of rainy days per week, Distance between outbreak
areas and water sources, Distance between repeated outbreak areas in
the subdistrict health area, Forest area.

Weekly age-group data
(age-week)

Week, Year, Annual population of Mueang Phayao District, Average
weekly temperature, Average weekly rainfall, Average weekly relative
humidity, Number of rainy days per week, Age group, Distance between
outbreak areas and water sources, Distance between repeated outbreak
areas, Forest area.

Weekly gender-disaggregated data
(sex-week)

Week, Year, Annual population of Mueang Phayao District, Average
weekly temperature, Average weekly rainfall, Average weekly relative
humidity, Number of rainy days per week, Gender group, Distance between
outbreak areas and water sources, Distance between repeated outbreak
areas, Forest area.

(In the regression analysis,
the label used is the
number of patients per
100,000 population per
month or per week; in the
classification analysis, the
label used is the presence
or absence of patients.)

WHan1Inaaag NAMTIALUIZENTNIWDBILLUTININTIIN El’]ﬂiﬂi

NAMTIAUTRN TN UBILLLINRaINNIWENNTDE  U3zLnN Regression %ﬂquﬁaga"[ﬂﬁmhﬂa%’nﬁwm:uu
1321AN Regression %a‘luqmﬁagaﬁﬂ%%’uﬁwm:uu ssswnanianaasanlluradays laold Support Vector
miaumﬂqﬁma@lg Tagld Support Vector Machine, Machine, Generalized Linear Model ¢ Artificial Neural
Generalized Linear Model L8z Artificial Neural Network Network WUINLUUIN88d Artificial Neural Network 3
WUIUULTIR8Y Artificial Neural Network fidsz@ninw  daz@nSnwgiga luradaya sex-week Z9lv¥dn RMSE
5980 luradays sex-week Z9lwen RMSE @i’wq@‘ﬁ' 2.350 @i’ﬁqﬂﬂ?‘i 0.968 G9LaAIl% Table 4

FIuaaslu Table 3

Table 3 Performance measurement results of Regression with geographic information system factors

Support Vector Machine

Generalized Linear Model

Artificial Neural Network

Datasets RMSE MSE RMSE MSE RMSE MSE
age-month 8.708 79177 23.904 620.361 14.374 208.107
sex-month 8.008 70.643 14.093 246.917 9.248 100.780
subdistrict-month 41.001 1681.967 100.817 11317.320 34.311 1347.955
subdistrict-week 22.158 524.983 43.522 1918.165 13.904 193.514
age-week 3.346 11.521 9.557 92.275 5.720 32.767
sex-week 2.389 5.716 5.163 27.073 2.350 5.542

Table 4 Performance measurement results of Regression

Support Vector Machine

Generalized Linear Model

Artificial Neural Network

Datasets RMSE MSE RMSE MSE RMSE MSE
age-month 5.921 37.412 5.211 27.593 3.925 15.687
sex-month 3.097 11.146 2.942 9.146 2.149 4.772
subdistrict-month 77.368 6564.470 71.536 5216.128 62.428 4303.912
subdistrict-week 31.291 982.351 4.913 26.385 5.079 27.350
age-week 8.127 66.162 1.889 3.600 1.876 3.596
sex-week 6.166 38.058 1.027 1.064 0.968 0.942
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NAMTIAUTEENTNINYBILULINRBINITNENNTOL

1521AN Classification Gﬁaluﬂg@iagaﬁﬂﬁﬂﬁﬁmzuu

msaumﬂgﬁmam’ lault Decision Tree, Gradient

Boosting Tree L&z Random Forest W31 Random Forest

fanuwindgegalunngadoyn laviawzlugadaya

subdistrict-month @41sein Accuracy 1 99.82% aauaadlu

Table 5
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NAMTIAUTERNTAIWBILULINRBINMINLINTDE

Uszinn Classification Fluradayalilavhdaisduszuy

ssswnanlenaasulilugadaya laolt Decision Tree,

Gradient Boosting Tree WAz Random Forest Wu1n

Gradient Boosting Tree ﬁmmu&iuﬂwgq qﬂlunﬂqﬂﬁaga

I@ymm:‘lwgm?a;ula subdistrict-week @41 Accuracy
1 99.62% a9uaaslu Table 6

Table 5 Performance measurement results of Classification with geographic information system factors

Decision Tree

Gradient Booting Tree

Random Forest

2 g > o > o

Datasets § o 2 § o 2 § 5} 2

S =] P E] =] 3 3 =] b

8 < £ 8 < £ 8 < £

< o < L < o
age-month 65.99% 0.695 53.44% 85.29% 0.904 84.84% 88.60% 0.923 88.22%
sex-month 62.50% 0.576 45.37% 81.67% 0.853 79.41% 75.00% 0.755 72.53%
subdistrict-month 98.13% 0.989 98.18% 98.89% 0.999 98.89% 99.82% 1.000 99.83%
subdistrict-week 63.79% 0.733 56.20% 90.37% 0.955 90.95% 95.48% 0.996 95.70%
age-week 70.12% 0.727 75.68% 89.37% 0.946 89.29% 90.63% 0.983 91.08%
sex-week 78.33% 0.849 74.76% 88.67% 0.954 89.36% 91.13% 0.962 91.34%

Table 6 Performance measurement results of Classification
Decision Tree Gradient Booting Tree Random Forest

2 o 2 g 2 <

Datasets o (8} 2 © (&) a © o H

S =) g S =] g 3 =) g

S < £ 8 < £ 8 < £

< L < uw < u
age-month 89.01% 0.855 92.36% 85.71% 0.860 90.05% 85.25% 0.778 89.76%
sex-month 86.90% 0.964 82.87% 85.00% 0.907 80.00% 78.33% 0.708 73.95%
subdistrict-month 97.22% 0.963 97.30% 98.98% 0.992 98.98% 92.92% 0.949 93.34%
subdistrict-week 97.62% 0.757 97.75% 99.62% 0.998 99.48% 96.84% 0.982 96.95%
age-week 90.33% 0.942 91.10% 88.80% 0.962 88.62% 84.39% 0.877 85.65%
sex-week 85.11% 0.917 81.86% 85.96% 0.923 86.36% 77.14% 0.801 78.98%

lusupas Stacking model §3dldadun 3 8a

nasfulunmssasuuusnaes lault 2 dane37inn Base

Learner uaglddan 1 aanasfiuiin Stacking Model Learner

AMNNIRIIULUINRIUIZLAN Regression Wan19

#nuwuINmslT Generalized Linear Model 131 Stacking

Model Learner lﬁﬂizaﬂ%ﬂ’lwaﬁw sl,wg@rﬁa;ila age-week

61 RMSE 71 1.457 @iuadlk Table 7 8AWHNaV8IN1T

§HU Stacking Model Learner LXAIAY Table 8 uaz 9
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Table 7 Regression performance measurement results with Generalized Linear Model in Stacking Model Learner

Regression - Generalized Linear Model

Datasets

RMSE MSE
age-month 12.513 159.305
sex-month 8.970 85.451
subdistrict-month 18.518 344.392
subdistrict-week 11.739 138.044
age-week 1.457 2.122
sex-week 3.438 11.836

Table 8 Regression performance measurement results with Support Vector Machine in Stacking Model Learner

Regression - Support Vector Machine

Datasets

RMSE MSE
age-month 8.686 76.257
sex-month 8.136 69.249
subdistrict-month 26.373 761.848
subdistrict-week 27.927 800.542
age-week 4.553 20.872
sex-week 2.162 4.700

Table 9 Regression performance measurement results with Artificial Neural Network in Stacking Model Learner

Regression - Artificial Neural Network

Datasets

RMSE MSE
age-month 8.835 84.318
sex-month 8.711 80.090
subdistrict-month 22.538 517.055
subdistrict-week 19.369 399.752
age-week 6.310 41.419
sex-week 2.231 5.085

AMNNIRIIULLIN889UI2LAN Classification 1
§IUVDY Stacking model G‘féaa’e;%'ﬂvlﬁaﬁuﬁv'a 3 dana3fiulu
M3EIUUUTI88Y SInamMIanswUIM3lE Gradient
Booting Tree L1 Stacking Model Learner I seansaw
ﬁﬁq@ lugadaya subdistrict-month {¢ Accuracy @
99.12% @9uaadlu Table 10 EAUNAVBINIFAL Stacking
Model Learner L4904 Table 11 uaz 12

wonaNit ;ﬁ%’ﬂvlﬁvhmiﬂﬁ:ﬂqnmﬁlﬁuuufimao
mslunisnenssl lagldvinnisidenuuusiaedfis

UszAnTnwgagaludiuses Stacking Model 71l% Gener-
alized Linear Model 131 Stacking Model Learner anlglu
6 o L2 v A J =1
miwmmmmmugﬂauiiﬂvlmaa@aaﬂlummamaa
wain Famdanzien lagldtoyall 2566 laouadwian
e o o a o .
wmﬂ'smuvlmgﬂmLaualugmmmmuﬂ A9uaasl Figure
5 iNauaadtayaiTaNunatiTalamn %uﬁaalﬁ;ﬁﬁd’m
dl U o v QJ a
mmmaammmmmagavlﬂlﬂumnwLqu uazAadula
Idae19815:anTnIWNINE 9%
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Table 10 Classification performance measurement results with Gradient Booting Tree in Stacking Model Learner

Classification - Gradient Booting Tree

Datasets

Accuracy AUC Precision Recall F-measure Specificity
age-month 88.33% 0.893 83.92% 93.67% 88.40% 83.43%
sex-month 98.33% 1.000 100.00% 95.56% 97.50% 100.00%
subdistrict-month 99.12% 0.991 98.55% 99.78% 99.15 98.44%
subdistrict-week 96.27% 0.963 93.09% 100.00% 96.42% 92.50%
age-week 95.06% 0.953 91.05% 99.38% 95.03% 91.03%
sex-week 91.13% 0.910 87.66% 96.70% 91.94% 85.02%

Table 11 Classification performance measurement results with Random Forest in Stacking Model Learner

Classification - Random Forest

Datasets

Accuracy AUC Precision Recall F-measure Specificity
age-month 88.85% 0.925 88.60% 88.35% 88.32% 89.33%
sex-month 72.50% 0.749 77.39% 61.97% 68.58% 82.05%
subdistrict-month 98.95% 1.000 97.99% 100.00% 98.98% 97.84%
subdistrict-week 96.59% 0.996 93.68% 100.00% 96.73% 93.15%
age-week 91.52% 0.980 84.98% 100.00% 91.86% 83.75%
sex-week 90.89% 0.958 92.67% 89.60% 91.09% 92.29%

Table 12 Classification performance measurement results with Decision Tree in Stacking Model Learner

Classification - Decision Tree

Datasets
Accuracy AUC Precision Recall F-measure Specificity
age-month 82.00% 0.840 79.82% 85.12% 81.89% 79.18%
sex-month 75.83% 0.560 78.88% 72.58% 73.84% 78.97%
subdistrict-month 98.89% 0.988 97.99% 99.89% 98.93% 97.84%
subdistrict-week 86.43% 0.899 80.06% 97.47% 87.85% 75.29%
age-week 86.43% 0.883 80.99% 93.85% 86.88% 79.64%

sex-week 88.18% 0.906 87.30% 90.54% 88.83% 85.61%
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Figure 5 Map displaying the dengue fever outbreak
forecast for 2023, by sub-district
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