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Abstract: (1) Background: This paper will present an elaboration of the risk assessment methodology
by Deutsche Gesellschaft für Internationale Zusammenarbeit GmbH (GIZ), Eurac Research and
United Nations University Institute for Environment and Human Security (UNU-EHS) for the
assessment of dengue. (2) Methods: We validate the risk assessment model by best-fitting it with
the number of dengue cases per province using the least-square fitting method. Seven out of
thirty-four provinces in Indonesia were chosen (North Sumatra, Jakarta Capital, West Java, Central
Java, East Java, Bali and East Kalimantan). (3) Results: A risk assessment based on the number of
dengue cases showed an increased risk in 2010, 2015 and 2016 in which the effects of El Nino and
La Nina extreme climates occurred. North Sumatra, Bali, and West Java were more influenced by
the vulnerability component, in line with their risk analysis that tends to be lower than the other
provinces in 2010, 2015 and 2016 when El Nino and La Nina occurred. (4) Conclusion: Based on data
from the last ten years, in Jakarta Capital, Central Java, East Java and East Kalimantan, dengue risks
were mainly influenced by the climatic hazard component while North Sumatra, Bali and West Java
were more influenced by the vulnerability component.

Keywords: dengue risk assessment; least-square fitting; validation optimization; risk sensitivity;
adaptive capacity

1. Introduction

In an area where Aedes and Culex mosquitoes proliferate, the burden of vector-borne
diseases is very high. These diseases result in an immense loss in economies and restrict
development in the urban and rural areas. Dengue is the most rapidly spreading mosquito-
borne viral disease [1,2]. It is one of the neglected tropical diseases prioritized by the
World Health Organization, with an estimated aggregated global cost of USD 8.9 billion
in 2013 [2].

The transmission cycle of dengue viruses involves Aedes mosquitoes as the vector.
The spread of dengue may develop into a public health emergency that will concern
international health security. Reported case fatality rates for dengue are approximately 1%,
but in the rural area of India, Indonesia and Myanmar, the case fatality rates are 3–5% [1,2].
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The Indonesian Ministry of Health reported the highest case in 2016 with 201,885 cases,
while the recent data in 2019 reported 138,127 cases. West Java contributed the most, with
more than 20,000 cases—equal to 17% of the nation’s cases in 2019 [3,4].

Environmental and climate conditions, host–pathogen interactions, population im-
munological factors and urbanization influence dengue transmission [1,5–8]. Since there
are no drugs or vaccinations to stop dengue, preventing or reducing dengue transmission
relies on controlling the mosquito vector [1,9]. Mosquito vector control would continue to
reduce the risk and burden of dengue, even after vaccine deployment [10]. Climate directly
influenced the biology of the dengue vectors and their abundance and distribution [11].

Climate change impacts the intensity and risk of dengue in vulnerable communities [10,12].
It may change the burdens of dengue globally, nationally and locally [13]. It is necessary
to develop spatial databases and link this information with related factors for a given
area to better understand dengue distribution in terms of time and space [5]. Global risk
maps developed for dengue could examine some of the scientific practices used to make
predictions and decision-making [14].

The climate forecasting model of dengue for early warning systems based on climate
variabilities and changes generally uses monthly, weekly, or daily climate data to obtain
precise high prediction accuracy [15–20]. However, these specific data are quite laborious
to collect nationwide, especially in geographically large countries such as Indonesia.

Moreover, although climate variables strongly influence dengue and its vectors, other
elements affect disease occurrence [21]. The Indonesian government has built dengue pro-
grams and incorporates vector control, public health campaigns and education, training and
research and epidemiological surveillance to counter the burden of dengue infection [22].
In a large country such as Indonesia, dynamic, accessible and easy-to-use technology may
be a tool to deliver clinical and epidemiological data from the health sector and other
relevant sectors to obtain information for health-related decision-making.

The Climate Change Risk and Adaptation Assessment (CCRAA) proposed by Deutsche
Gesellschaft für Internationale Zusammenarbeit GmbH (GIZ), Eurac Research and United
Nations University–Institute for Environment and Human Security (UNU-EHS) (2018) is
a multi-dimensional evaluation system for adaptation planning at the national level [23].
This model is a standardized approach to climate risk assessments in the context of
Ecosystem-based Adaptation (EbA) that provides relevant information on the climate-
related risks of societies, economies and ecosystems, along the dimensions of hazard,
exposure and vulnerability [23].

In this paper, we validate the dengue prediction model used for CCRAA by best-fitting
it with the number of dengue cases in Indonesia using least-square fitting with a yearly
data collection from the past ten years (2010–2019). This paper aims to elaborate on the
CCRAA for dengue infectious diseases with a multi-dimensional evaluation system for
adaptation planning in the health sector at the national level. The variations of potential
climate change risk on the dengue infectious diseases were validated and adjusted by an
optimal technique of reconciliation with evidence of incidence numbers (provincial).

2. Materials and Methods
2.1. Climate Change Risk and Adaptation Assessment

The methodology of CCRAA refers to the guidebook on Climate Risk Assessment
developed by GIZ, which was then detailed and implemented by the Overseas Environ-
mental Cooperation Center (OECC), Japan in the title of vulnerability and risk pluralistic
evaluation system (VULPES) [23,24]. This, in principle, represents a spatial risk distri-
bution of climate change potential impacts based on the Fifth Assessment Report of the
Intergovernmental Panel on Climate Change (IPCC AR5) [25].

In Indonesia, CCRAA was outlined per the Regulation of the Ministry of Environment
and Forestry (KLHK) No 33 of 2016, which is based on the Guideline of CCRAA developed
by the Ministry of Environment in 2012 [26]. In early 2021, a research collaboration be-
tween the Climate Change Centre Institut Teknologi Bandung (CCC-ITB) and the Japanese
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Ministry of Environment (MoEJ) refined the CCRAA methodology through the elaboration
of climate change impact chain in different sectors of national development, including the
health sector. The CCRAA of dengue was conducted by development of impact chain
and risk assessment [23]. This paper will focus on dengue cases as an indicator of the
health sector.

2.1.1. Development of Impact Chain

The impact chain (cause–effect chain) is an analytical tool to help better understand,
systemize and prioritize the factors that drive risk in the system of concern (dengue). Impact
chain was developed prior to risk assessment by determining the three risk components of
hazard, exposure and vulnerability components [23,26]. The climatic hazard is defined as
potential climate-related physical events that may cause loss of life, injury, or other health
impacts. Therefore, climatic hazard selected components were the data of temperature,
precipitation, relative humidity and El Niño–Southern Oscillation (ENSO). Exposure is
defined as the presence of people and livelihoods in places and settings that could be
adversely affected by the impacts, hence the population density data were selected as the
exposure components. Vulnerability, which includes sensitivity and adaptive capacity
components, represents the sensitivity to harm and to what extent the lack of capacity
to cope and adapt. Sensitivity data selected were the number of the vulnerable popula-
tion, the ratio of poor people and the number of villages near the river, while adaptive
capacity data selected were collected from the available data from the yearly publication
of the Indonesian Health Profile by the Indonesian Ministry of Health. The result of the
development of the impact chain diagram was drawn up in Figure 1.

Figure 1. Results of climate change impact chain of the dengue number of cases.
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2.1.2. Risk Assessment

As we involved different types of risk component data with various dimensions and
units, the acquired data were normalized with a scale from 0 (optimal) to 1 (critical) by the
normalization equation [23,27]:

X′ =
X− Xmin

Xmax − Xmin
(1)

Note: X’ = normalized value; X = a set of the observed values present in X; Xmin = the
minimum values in X; Xmax = the maximum values in X.

Normalization converts numbers into meaning by evaluating the criticality of an
indicator value with respect to the risk [23]. For components with factors that are inversely
proportional to increased risk, the normalization formula was adjusted to become [24]:

X′ = 1− X− Xmin
Xmax − Xmin

(2)

The min–max normalization formula uses the minimum and maximum data from all
the seven provinces (all min–max data are the same for each province). To combine the
normalized indicators into a composite indicator representing a single risk component (haz-
ard, vulnerability and exposure), each data risk component was aggregated with weighted
linear combinations according to the conditions in the study area Equation (3) [23].

CI =
(I1 x w1) + (I2 x w2) + . . . + (In x wn)

wH + wV + wE
(3)

Note: CI = composite risk component indicator, e.g., hazard; In = individual indicator
of the risk components, e.g., precipitation; wn = weight assigned to the individual indicator.

Risk assessment in principle follows a step in GIZ, EURAC and UNU-EHS (2018) that
involves formulation of physical risk as a function of hazard and vulnerability components
in a particular exposure area [23]. These three risk components of hazard, vulnerability
and exposure become one single composite risk indicator. We choose a one-step approach
using the weighted arithmetic mean to simplify our model validation, which remains
consistent with the Intergovernmental Panel on Climate Change Fifth Assessment Report
risk concept (IPCC AR5) [25]. The risk is aggregated from its component by weighted
arithmetic aggregation (linear combination) as follows [23]:

Risk =
(Hazard x wH) + (Vulnerability x wv) + (Exposure x wE)

wH + wV + wE
(4)

Note: wH = weighted arithmetic mean of hazard; wv = weighted arithmetic mean of
vulnerability; wE = weighted arithmetic mean of exposure.

2.2. Risk Components/Indicators and Data Requirements

For the model development, we used the data based on the impact chain, which are
the number of dengue cases, climate data for hazard components, as well as statistical data
on population and health sector for vulnerability components, as described below. All of
the data were collected over the last ten years, from 2010 until 2019. Incomplete data were
filled in by using a proxy and reviewed based on the considerations from the expert (see
Appendix A, Table A1). All components of data are summarized in Table 1.
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Table 1. Components of data collection.

Components (Year) Collected Data Unit

Hazard (2010–2019)

Temperature ◦C

Precipitation mm/year

Relative humidity %

El Niño–Southern Oscillation
(ENSO) scale

Exposure (2010–2019) Population density person/km2

Vulnerability-Sensitivity
(2010–2019)

Number of vulnerable population
(Age of 15–64) person/population

The ratio of poor people %

Number of villages near the river unit/city or district

Vulnerability-Adaptive
Capacity (2010–2019)

Density and distribution of health
workers person/city or district

Number of the public health centers unit/city or district

Number of hospitals unit/city or district

Number of general practitioners person/city or district

Number of villages with health
centers village/city or district

Spending on health deconcentration
fund rupiah/population

Percentage of health
deconcentration fund spending %

Number of health facilities with
BPJS (Health Social Security

Agency)
unit/city or district

2.2.1. Climatic Data Collection for Hazard Components

Climatic data were collected from some public accessed databases as follows:

1. The temperature of the earth’s surface was collected from the fifth generation Euro-
pean Centre for Medium-Range Weather Forecasts (ECMWF) atmospheric reanalysis
of the global climate, ERA5 [28];

2. Precipitation was collected from the Jaxa Global Rainfall Watch [29];
3. Relative humidity was calculated from surface and dewpoint temperatures by the

equation from Lawrence (2005) [30], where the respective data were collected from
ERA5 [28];

RH = 100− (5× (t− td)) (5)

Note: RH = relative humidity; t = temperature of the earth surface; td = 2 m dewpoint
temperature.

4. The Oceanic Nino Index was collected from the National Weather Service Climate
Prediction Center [31].

2.2.2. Population Data Collection for Exposure and Vulnerability (Sensitivity) Components

Population density, the number of vulnerable populations (productive age population:
15–64 years old), the number of villages near rivers (the counted villages are located on both
sides of the riverbed which is calculated from the edge to the foot of the inner embankment)
and the ratio of poor people (the number of people who have an average monthly per
capita expenditure below the poverty line at that time), were obtained from the Indonesian
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Central Bureau of Statistics’ official website [32]. Indonesian Central Bureau of Statistics is
a non-ministerial government institution directly responsible to the President of Indonesia.

2.2.3. Health Sector Data Collection for Vulnerability (Adaptive Capacity) Components

Health sector data were collected from the Indonesian Ministry of Health’s official
website [3,4,33–40]. This is a yearly publication of “Profil Kesehatan Indonesia”, an Indone-
sian Health Profile. Data collected were the density and distribution of health workers, the
number of public health centers, the number of hospitals, the number of general practition-
ers, the number of villages with health centers, the spending of the health deconcentration
fund (tied grants from the Ministry of Health to be used for centrally specified sectoral
activities), percentage of health deconcentration fund spending (and the number of health
facilities of BPJS (Health and Social Security Agency).

2.3. Risk Level/Categorical Class Value as a Guide to Adaptation Actions

The decision for adaptation actions (including planning and evaluation) usually re-
quires prioritization, which includes areas or stakeholders to receive more resources and
otherwise, depending on the magnitude of risks. Therefore, the governments could con-
sider the adaptation actions based on the risk level or risk assessment categorical class
(see Table 2).

Table 2. Risk categorical class values by GIZ, EURAC and UNU-EHS (2018) [23].

Risk Level or Categorical
Class Value (1–5) Class Value (0–1) Description

1 0.00–0.20 Very Low

2 0.21–0.40 Low

3 0.41–0.60 Medium

4 0.61–0.80 High

5 0.81–1.00 Very High

2.4. Scoping Study Area by the Case Incidence Data

Among 34 provinces of Indonesia, this study focused on 7 out of the 34 of Indonesia’s
provinces [41]. The provinces selected were North Sumatra, Jakarta Capital, West Java,
Central Java, East Java, Bali and East Kalimantan (see Figure 2) [3,4,33–40]. The selection of
the 7 provinces is based on the classification of the average dengue cases incidence (see
the data in Appendix B, Table A2) into 5 levels by the natural break methods in QGIS
application. The seven provinces are the ones with Very High (red) and High (orange)
levels of dengue cases number. They also have high standard deviations of dengue cases,
indicating an influence of climate variabilities over a yearly period.

2.5. Optimal Validation of Climate Change Risk Assessment Model

Validation of a model is a set of processes and activities intended to determine to what
level of accuracy the model is developed representing the underlying real system being
modeled. According to Keijnen (1999), validation is an effort on determining whether the
simulation model is an acceptable representation of the real system—given the purpose of
the simulation model [42].

We validate the model of climate change risk assessment of the infected disease by
the approach of best-fitting the model with the numbers of dengue incidence as evidence-
based impact. Some approaches could be applied to estimate weights of respective risk
components, e.g., similarity, nonlinear optimization, or even qualitative expert judgment,
in terms of validation of the method toward the data representing current or past impacts.
For this paper, we used the least-squares method to estimate optimal weights (applied
to minimize the difference between the normalized risk value and the number of dengue
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cases that were normalized as well). This method was chosen since this method could
minimize the difference between the results of the climate change risk assessment and the
data on the number of dengue cases in Indonesia collected from the Indonesian Ministry of
Health [3,4,33–40].

Figure 2. Map of the selected study areas based on the average number of dengue cases in various
provinces.

The least-squares method determines the best fit line for the data by using simple
calculus and linear algebra as the proof. The linear combination is [43]:

y = α1 f1(x) + . . . + αk fk(x) (6)

The least-square fitting was applied optimally by using a smooth nonlinear mini-
mization algorithm of Generalized Reduced Gradient (GRG) Nonlinear as an add-in in
Excel Solver. The method searches for gradient or slope of least-square fitting as the objec-
tive function and determines that it has achieved an optimum solution when the partial
derivatives equal zero [44].

The minimization of the differences between the risk and the number of dengue cases
was estimated by [43]:

E (a, b) =
N

∑
n=1

(yn(αxn + b))2 (7)

Based on the results of least-square fitting, we produced the weighted arithmetic
mean of each component based on the evidence of the yearly number of dengue cases
(Appendix C, Table A3).

3. Results
3.1. Optimal Weight Estimation by Validation of Risk Assessment Model

The results of the weight estimation were different among the provinces and for each
risk component (Appendix C). The difference in estimation reflects each province’s different
conditions, as the value was validated by the yearly number of dengue cases. The optimal
weight estimation by validation of the risk assessment model minimized the difference
between the results of the risk assessment and the data on the yearly number of dengue
cases (Figure 3).
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Figure 3. Risk and number of dengue cases comparison: (A) A comparison of the annual risk and
number of dengue cases in the Province of the Jakarta Capital. (B) The comparison between the
average risk and the average number of dengue cases in the seven analyzed provinces. Abbreviations:
NS = North Sumatra, JC = Jakarta Capital, WJ = West Java, CJ = Central Java, EJ = East Java, BI = Bali,
EK = East Kalimantan. (Graphs of the comparison of annual risk and number of dengue cases in
other provinces can be seen in Appendix D, Figure A1).

3.2. Profiles of the Risk and Its Components

A risk assessment was carried out in Equation (4) using the weights from Appendix B
with the normalized aggregate data of hazard, exposure and vulnerability. The results
of the risk assessment for each province can then be seen in Table 3. The risk profile as
the assessment results based on data from the last ten years showed that six of the seven
provinces analyzed have an average, medium-risk level (risk = 0.41–0.60) of dengue cases.
One province showed low-risk results—Bali Province.

Table 3. Dengue risk assessment for seven provinces in Indonesia.

Year North
Sumatra

Jakarta
Capital

West
Java

Central
Java East Java Bali

East
Kaliman-

tan

2019 0.29 0.30 0.38 0.35 0.32 0.17 0.37

2018 0.52 0.30 0.38 0.29 0.37 0.24 0.43

2017 0.48 0.16 0.20 0.19 0.26 0.25 0.17

2016 0.90 ** 0.78 * 0.64 * 0.68 * 0.83 ** 0.76 * 1.00 **

2015 0.72 * 0.85 ** 0.58 0.80 * 0.81 ** 0.48 0.90 **

2014 0.38 0.49 0.42 0.60 0.51 0.37 0.41

2013 0.02 0.31 0.74 * 0.57 0.45 0.35 0.27

2012 0.14 0.45 0.48 0.35 0.48 0.17 0.32

2011 0.45 0.30 0.23 0.27 0.18 0.24 0.12

2010 0.73 * 0.77 * 0.56 0.76 * 0.92 ** 0.48 0.76 *

Average 0.46 0.47 0.46 0.49 0.51 0.35 0.48
Description Med Med Med Med Med Low Med

* High risk (0.61–0.80) ** very high risk (0.81–1.00).
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Based on the three risk factors (hazard, exposure, vulnerability), the vulnerability
component can be optimized by policyholders. Meanwhile, the hazard factor can be used
as an early warning system in terms of the development planning in the health sector,
projections of which are not discussed in this paper. The system could be used as a science-
based intervention tool for developing yearly health planning and evaluations that are
influenced by climate change impacts. This system is different from the WHO early warning
systems [45–47] since this system not only relates climate to the number of cases but also
includes exposure and vulnerability variables (including sensitivity and adaptive capacity
components) in the climate assessment. Which, based on the results of the study analysis,
shows that it has a role in risk (Figure 4).

Figure 4. Dengue risk components of seven provinces in Indonesia: (A) North Sumatra Province,
(B) East Kalimantan Province, (C) Bali Province, (D) Jakarta Capital Province, (E) West Java Province,
(F) Central Java Province, (G) East Java Province.

Figure 4 shows that the dengue risk in several provinces was mainly influenced by the
climatic hazard component (red color), in East Kalimantan, Jakarta Capital, Central Java
and East Java. Meanwhile, in North Sumatra, Bali and West Java, the dengue risk was more
influenced by the vulnerability component (blue color).

Furthermore, a combination of hazard and vulnerability component results could be
used as an evaluation system for the implementation of adaptation planning or health
intervention. For provinces where the number of dengue cases was affected mainly by the
vulnerability risk component (North Sumatra, Bali and West Java), it is possible to identify
which vulnerability components can be adapted, especially the vulnerability-adaptive
capacity component. Table 4 shows the normalized and weighted data of the vulnerability
components. The data show that the vulnerability components that most influenced the
risk of the number of dengue cases in the seven provinces in Indonesia are V4 (number of
hospitals) and V3 (number of public health centers).
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Table 4. Normalized and weighted data of the vulnerability components.

Province V1 V2 V3 V4 V5 V6 V7 V8 V9 V10 V11

North Sumatra * 0.027 0.001 0.764 0.001 0.000 0.001 0.000 0.004 0.001 0.006 0.040

Jakarta Capital 0.000 0.000 0.005 0.099 0.000 0.001 0.000 0.000 0.024 0.033 0.016

West Java * 0.018 0.002 0.279 0.153 0.000 0.000 0.000 0.000 0.000 0.013 0.000

Central Java 0.000 0.001 0.097 0.464 0.001 0.000 0.000 0.002 0.085 0.000 0.058

East Java 0.002 0.001 0.087 0.632 0.001 0.000 0.000 0.002 0.009 0.000 0.013

Bali * 0.002 0.001 0.096 0.162 0.001 0.001 0.000 0.000 0.011 0.106 0.043

East Kalimantan 0.000 0.001 0.029 0.870 0.001 0.001 0.000 0.001 0.003 0.002 0.011
* Province more influenced by the vulnerability component. The bolded numbers are the components that
are relatively higher than other vulnerability components. Abbreviations: V1 = proportion of the vulnerable
population, V2 = density and distribution of health workers per city or district, V3 = number of public health
centers per city or district, V4 = number of hospitals per city or district, V5 = number of general practitioners per
city or district, V6 = number of villages with health center per city or district, V7 = number of villages near the river
per city or district, V8 = percentage of poor people, V9 = proportion of the spending of health deconcentration
fund, V10 = percentage of health deconcentration fund spending, V11 = number of health facilities x health social
security agency (BPJS) per city or district, H = Hazard, E = Exposure, V = Vulnerability.

4. Discussion

The climatic hazard data chosen were temperature, precipitation, relative humidity
and ENSO. This was based on the research by Hasanah and Susana (2019), which showed
a significant relationship between the weather variables above and the dengue fever cases
in the Jakarta Capital from 2008 to 2016 [48]. Furthermore, research by Arcari and Tapper
(2017) in Indonesia showed that indicators of ENSO assist in the forecast of potential dengue
incidence and distribution in Indonesia [49]. Therefore, we added ENSO as the fourth
climatic hazard data in this study. For the exposure component, we used the population
density data. This is based on spatial analysis in a regency (Kabupaten) in South Kalimantan
province, Indonesia, that showed that the highest dengue cases occurred in an area with
the highest population density in the province [50]. Furthermore, it is also confirmed
that there is an association between population density, vector production and dengue
transmission [6].

The vulnerability (sensitivity) data collected were the number of the vulnerable pop-
ulation (productive age), the ratio of poor people and the number of villages near the
river. The number of vulnerable populations was collected based on the findings of Utama
et al. (2019) and Fuadzy et al. (2020), who showed that dengue virus infection in In-
donesia tended to affect productive age patients and affect the increase in dengue cases
significantly [51,52]. The ratio of poor people was chosen since Nuryunarsih (2015) found
that population density and poverty had a significant correlation to dengue cases [53].
The number of villages near the river was chosen based on the Kusumawati et al. (2016)
study which predicted that increased river flows will affect the increase in dengue cases
in Sukoharjo, Indonesia [54]. This is supported by Hsueh et al. (2012) who confirmed the
importance of the role that water bodies played in the spread of dengue fever in Taiwan
and Hashizume et al. (2012) who reported both high and low river levels increased the
hospitalizations of dengue fever cases in Dhaka, Bangladesh [55,56].

Vulnerability (adaptive capacity) data were collected from the available data from
the yearly publication of the Indonesian Health Profile by the Indonesian Ministry of
Health [3,4,30–37]. The chosen data could be adapted by the Indonesian Government to
decrease the dengue cases in Indonesia (Table 1). All data components used in this study
can be changed according to expert considerations and the needs of each related party.
This is very useful for Indonesia where the Health Information System faces several major
obstacles [22]. This method makes it easier for the related parties with limited data access
but requires a decision in conducting an analysis of adaptation planning and evaluation in
their respective fields. Because the results will be followed with the entered variables only,
the role of each field and variable in the desired risk outcome share can be estimated.
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Furthermore, the optimal determination of the weight value in the risk assessment
was carried out by validating the model by best-fitting it with the number of dengue
cases using the least-square fitting method. The number of diagnosed dengue cases was
selected as the validation of the risk since it is useful for measuring the impact of dengue
on health services and for their further analysis such as prevalence, cumulative incidence
and incidence rate [57]. This causes our research to be unique from other analyses since
the optimal weight value is based on the evidence of the dengue number of cases in each
province and each year. We are convinced this weighting is appropriate for Indonesia,
which is an archipelagic country with a vast area and varied geography, high biodiversity,
population densities and characteristics [58].

Analysis for the past ten years showed that North Sumatra, Jakarta Capital, West
Java, Central Java, East Java and East Kalimantan tended to be in the same risk category
class—medium-risk (risk = 0.41–0.60). Meanwhile, Bali was in the low-risk category class
with 0.35. These results indicate that the risk of dengue fever in all seven provinces was
likely, except for Bali, where the results were lower and fall into the low-risk category
class. Therefore, the seven provinces with the highest average of dengue cases in 2010–2019
had similar risks with the exception of Bali, which had a lower risk. Data normalization
causes the results of the risk calculation to be connected. If all Indonesian provinces are
included, different risk levels will be obtained. Therefore, further assessments are possible
to compare all 34 provinces or other selected administrative areas when setting priorities
for adaptation planning and evaluation of infectious diseases.

Because the risk model was validated with data on the number of dengue cases using
best-fitting, the risk data in Table 3 correspond to the state of the number of dengue cases
in Indonesia. The number of dengue cases was higher in 2016, 2015 and 2010, which
might have been caused by La Nina in 2010, the strong El Nino in 2015 and the weak
La Nina in 2016, respectively, which influence the relative humidity, wind and rainfall in
Indonesia [59–63].

Figure 4 shows that there were differences in the risk components among the provinces.
East Kalimantan, Jakarta Capital, Central Java and East Java were mainly influenced by
the climatic hazard component (red color). Meanwhile, North Sumatra, Bali and West Java
were more influenced by the vulnerability component (blue color). This result was in line
with the risk analysis of North Sumatra, West Java and Bali, which tends to be lower than
the other provinces in Table 3 in 2010, 2015 and 2016 because the influence of climate was
not high in these three provinces while other provinces have a risk that tends to be higher.

Provinces with the risk of dengue fever cases were mainly influenced by the vulnera-
bility component, North Sumatra was influenced by V3 (number of public health centers
per city or district), West Java was influenced by V3 and V4 (number of hospitals per city
or district), while Bali was influenced by V4 and V10 (percentage of health deconcentration
fund spending) (see Table 4). The difference in adaptive capacity per province shows
that local governments can intervene according to the needs of their respective regions.
Nationally, the Indonesian government can consider the adaptive capacity that has the most
influence on risk as a priority in the National Action Plan for Climate Change Adaptation
(Rencana Aksi Nasional Adaptasi Perubahan Iklim, RAN-API). The results of this study
can be used by the Indonesian Ministry of National Development Planning (BAPPENAS)
as an input for their short- and long-term plans.

Based on the results of the analysis, each local government can carry out adaptation
planning and evaluation of dengue infectious disease by focusing on improving public
health centers, hospitals, or health deconcentration fund spending. Public health centers
and hospitals are important since they are responsible for dengue diagnosis, reporting and
care [64,65]. Therefore, Indonesia needs to strengthen the dengue case reporting system and
improve the health system and infrastructure at public health centers and hospitals [64,66],
especially when extreme climate change occurs, such as the El Nino and La Nina events in
2010, 2015 and 2016.
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Especially for Bali, the local government needs to focus on the health deconcentration
fund spending for dengue. Based on Caballero-Anthon’s (2015) statement, there is an
issue of sustainability and revolving funding sources for dengue interventions in Indonesia
and this is also evident at the local government level [64]. Thus, local health coverage
varies depending on the budget capacities and constraints. Caballero-Anthon also added
that areas with high tourism rates such as Bali can leverage associated economic growth
to collaborate with the private sector and mobilize communities to improve and sustain
interventions at the local level [64].

The risk assessment by GIZ utilized in this study has its limitations and has the
disadvantage that a positive value for one component can mask the importance of values for
other components, unfavorably masking important issues in the system [23]. Furthermore,
the linear least-squares method, which can assume long ranges, is not extrapolative and
may be sensitive to outliers [67]. A limitation of this paper is that the data used are only
from a duration of 10 years, from seven provinces, and cannot describe Indonesia as a
whole. In the future, more specific data such as mosquito surveillance results, blood
smears and the number of surveys by month could be used by the authorities concerned to
conduct more a detailed analyses (e.g. using data on dengue cases in relation to age group,
gender, etc.).

5. Conclusions

We demonstrated optimal validated multi-factorial climate change risk assessment
for adaptation planning and the evaluation of infectious disease with a case study of
dengue hemorrhagic fever in Indonesia. The health intervention as the adaptation actions
could use the optimal vulnerability-adaptive capacity component or the exposure and
vulnerability-sensitivity components for the impacts of climatic hazards. Risk assessment
based on evidence of the number of dengue cases showed an increased risk in 2010, 2015
and 2016 in which the effects of El Nino and La Nina extreme climates occurred. This
model showed the climate change effects to the risk of dengue incidence along with the
vulnerability components (sensitivity and adaptive capacity), which showed a different
value per province. North Sumatra, Bali and West Java are more influenced by the vulnera-
bility component, in line with their risk analysis, which tended to be lower than the other
provinces in 2010, 2015 and 2016 when El Nino and La Nina occurred. The vulnerability
components that most influenced North Sumatra were the number of public health centers
per city or district. West Java was influenced by the number of public health centers per
city or district and the number of hospitals per city or district. Bali was influenced by the
number of hospitals per city or district and the percentage of health deconcentration fund
spending. This data can be used as a basis for further research as well as for policymakers
and public health practitioners in the management of dengue.
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Appendix A

Table A1. Data collection of the impact chain’s components.

North Sumatra

Year H1 H2 H3 H4 E1 V1 V2 V3 V4 V5 V6 V7 V8 V9 V10 V11

2019 23.45 4056.66 87.31 0.7 200 639.68 8.79 18.21 6.58 23.97 143.27 30.88 8.83 2,662,174 89.38 38.76

2018 23.45 4056.66 87.31 0.9 198 639.61 8.76 17.61 6.39 23.97 143.27 30.88 8.94 3,328,672 92.45 38.82

2017 23.30 3815.65 84.39 0.3 195 637.52 8.73 17.30 6.67 19.18 139.71 28.69 9.28 3,188,399 92.96 35.24

2016 23.45 3910.50 82.12 2.5 193 635.57 6.55 17.30 5.58 19.15 136.15 26.50 10.27 4,073,062 58.40 34.09

2015 23.88 2813.18 86.73 2.6 191 633.73 6.52 17.30 5.58 19.12 132.59 24.31 10.79 2,326,843 73.24 32.36

2014 23.96 3757.09 85.73 0.7 189 631.51 6.48 17.27 5.36 19.09 129.03 22.12 9.85 2,486,000 86.24 28.79

2013 23.12 5848.87 83.88 −0.2 186 631.60 6.45 17.27 4.73 19.06 125.36 19.93 10.39 3,626,443 98.88 26.28

2012 23.71 3021.46 86.45 0.4 184 628.26 6.42 16.82 5.27 19.03 121.70 17.74 10.41 3,554,846 98.80 23.77

2011 23.94 3411.11 85.17 −0.4 181 628.30 6.39 16.42 4.64 19.00 118.03 15.55 11.33 2,770,638 96.30 21.27

2010 23.81 3473.09 86.81 1.5 17 624.83 6.36 15.33 4.48 18.97 118.03 13.36 11.30 2,801,595 96.30 18.76

Jakarta Capital

Year H1 H2 H3 H4 E1 V1 V2 V3 V4 V5 V6 V7 V8 V9 V10 V11

2019 25.62 1715.20 84.07 0.7 15,900 710.14 70.00 52.50 31.67 21.33 167.83 21.17 3.47 1,408,086 93.04 115.33

2018 25.62 1715.20 84.07 0.9 15,761 898.02 69.83 53.50 33.83 21.33 167.83 21.17 3.55 1,590,438 89.60 115.50

2017 25.47 1338.23 83.76 0.3 15,617 876.57 69.67 56.67 32.50 21.33 166.29 20.33 3.78 1,758,091 77.79 111.00

2016 25.58 1685.36 83.08 2.5 15,478 855.06 36.83 56.67 30.33 21.17 164.75 19.50 3.75 1,684,035 54.91 105.33

2015 26.60 1758.03 74.08 2.6 15,328 833.47 36.67 56.67 29.83 21.00 163.21 18.67 3.61 946,773 55.81 101.00

2014 26.76 1800.89 66.23 0.7 15,173 812.94 36.50 56.67 26.33 20.83 161.67 17.83 4.09 1,127,701 63.30 96.33

2013 26.71 3309.61 71.09 −0.2 15,015 792.05 36.33 56.67 25.00 20.67 162.44 17.00 3.72 2,831,403 98.99 91.54

2012 26.41 2732.60 70.64 0.4 14,851 771.03 36.17 56.67 23.67 20.50 163.22 16.17 3.70 2,798,120 94.20 86.75

2011 26.15 1697.90 84.35 −0.4 14,682 749.80 36.00 56.67 22.00 20.33 164.00 15.33 3.75 1,839,094 70.10 81.96

2010 26.70 1974.37 65.36 1.5 14,518 727.82 35.83 56.83 21.67 20.17 164.00 14.50 3.50 1,859,869 70.10 77.17

West Java

Year H1 H2 H3 H4 E1 V1 V2 V3 V4 V5 V6 V7 V8 V9 V10 V11

2019 23.49 2131.15 86.16 0.7 1394 685.90 5.52 39.70 13.37 20.41 293.89 72.19 6.91 828,386 78.22 111.96

2018 23.49 2131.15 86.16 0.9 1376 684.06 5.48 39.59 12.96 20.41 293.89 72.19 7.25 890,944 82.57 81.85

2017 23.30 1672.07 86.27 0.3 1357 679.73 5.44 39.11 13.11 32.93 279.20 67.28 7.83 955,270 81.21 101.26

2016 23.46 2182.17 84.57 2.5 1339 675.36 3.89 38.89 11.63 32.89 264.52 62.37 8.77 879,334 44.80 98.44

2015 24.28 2060.06 78.76 2.6 1320 670.94 3.85 38.89 11.56 32.85 249.83 57.46 9.57 416,632 39.12 91.89

2014 24.18 1902.63 71.19 0.7 1301 669.56 3.81 38.89 10.85 32.81 235.15 52.56 9.18 638,612 67.17 79.89

2013 25.23 3045.57 71.09 −0.2 1282 666.58 3.78 38.89 10.15 32.78 227.86 47.65 9.61 1,912,918 96.70 79.40

2012 23.99 2852.64 75.77 0.4 1262 664.02 3.88 40.23 9.35 34.00 229.06 44.38 9.89 1,955,477 96.30 81.94

2011 24.05 1886.75 86.00 −0.4 1242 661.39 3.85 40.23 7.69 33.96 221.50 39.29 10.65 1,382,258 79.00 81.43

2010 24.28 2449.15 68.88 1.5 1222 658.67 3.81 39.54 7.35 33.92 221.50 34.19 9.40 1,404,881 79.00 80.92

Central Java

Year H1 H2 H3 H4 E1 V1 V2 V3 V4 V5 V6 V7 V8 V9 V10 V11

2019 24.48 1770.98 79.69 0.7 1058 680.59 6.09 25.09 8.69 32.86 205.66 53.60 10.80 1,559,840 94.13 87.00

2018 24.48 1770.98 79.69 0.9 1051 679.98 6.06 25.17 8.29 32.86 205.66 53.60 11.19 1,797,016 92.20 86.49

2017 24.23 1414.16 80.38 0.3 1044 677.35 6.03 25.03 8.46 16.03 196.86 46.74 12.23 1,640,314 91.97 80.06

2016 24.47 2434.72 77.46 2.5 1037 674.84 5.37 25.00 8.26 16.00 188.07 39.89 13.19 1,901,333 52.26 78.54
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Table A1. Cont.

Central Java

Year H1 H2 H3 H4 E1 V1 V2 V3 V4 V5 V6 V7 V8 V9 V10 V11

2015 25.24 1690.93 75.59 2.6 1030 672.44 5.34 25.00 8.00 15.97 179.28 33.03 13.32 1,268,959 74.07 75.89

2014 25.01 1627.50 67.81 0.7 1022 669.80 5.31 25.00 8.57 15.94 170.49 26.17 13.58 1,243,051 83.85 61.40

2013 24.46 3410.61 71.14 −0.2 1014 668.25 5.29 24.94 7.86 15.91 168.24 19.31 14.44 2,259,449 99.84 55.13

2012 24.84 2226.58 74.60 0.4 1006 666.67 5.26 24.94 7.06 15.89 165.99 12.46 14.98 2,273,335 98.70 48.86

2011 24.99 1641.23 82.22 −0.4 997 665.73 5.23 24.77 6.43 15.86 163.74 5.60 15.76 1,868,805 95.20 42.59

2010 25.15 2110.80 67.21 1.5 989 664.10 5.20 24.77 5.97 15.83 163.74 1.26 14.30 1,883,922 95.20 36.31

East Java

Year H1 H2 H3 H4 E1 V1 V2 V3 V4 V5 V6 V7 V8 V9 V10 V11

2019 24.72 1188.97 75.89 0.7 831 695.18 5.06 27.66 10.97 19.00 223.34 40.94 10.37 1,186,223 88.73 77.77

2018 24.72 1188.97 75.89 0.9 826 695.49 5.03 27.63 10.89 19.00 223.34 40.94 10.85 1,285,347 75.14 78.03

2017 24.42 1259.61 74.35 0.3 822 693.67 5.00 27.51 11.23 15.00 211.74 36.86 11.20 1,211,223 83.44 70.31

2016 24.65 1548.33 73.86 2.5 817 692.04 4.37 27.43 10.69 14.97 200.13 32.79 11.85 1,386,860 52.94 66.74

2015 25.44 999.76 73.25 2.6 813 690.58 4.34 27.43 10.31 14.94 188.52 28.71 12.28 569,502 29.10 65.17

2014 25.01 1442.04 69.64 0.7 808 687.41 4.31 27.43 9.91 14.91 176.91 24.63 12.28 928,694 71.27 57.20

2013 24.85 2874.98 71.94 −0.2 803 685.58 4.29 27.43 9.11 14.89 173.24 20.55 12.73 2,148,464 99.04 51.99

2012 24.94 2161.73 74.33 0.4 797 684.58 4.26 27.43 8.17 14.86 169.56 16.47 13.08 2,158,512 98.70 46.79

2011 25.16 1347.02 79.87 −0.4 792 682.71 4.23 27.31 5.34 14.83 165.89 12.39 14.23 1,604,520 85.50 41.58

2010 25.14 1803.49 67.79 1.5 786 681.68 4.20 27.03 5.26 14.80 165.89 8.31 10.60 1,616,769 85.50 36.37

Bali

Year H1 H2 H3 H4 E1 V1 V2 V3 V4 V5 V6 V7 V8 V9 V10 V11

2019 24.07 1368.62 81.84 0.7 750 691.49 37.00 13.33 7.56 36.67 112.67 24.00 3.79 4,224,683 90.85 74.22

2018 24.07 1368.62 81.84 0.9 742 690.55 36.89 13.33 7.22 36.67 112.67 24.00 3.91 4,522,966 87.07 73.44

2017 23.85 1189.89 80.37 0.3 735 688.93 36.78 13.33 7.00 17.33 109.17 21.39 4.14 4,030,719 86.05 67.44

2016 24.01 1351.18 80.80 2.5 727 687.33 26.67 13.33 6.11 17.22 105.67 18.78 4.15 6,556,380 61.89 65.56

2015 24.79 953.11 80.33 2.6 718 685.76 26.56 13.33 6.11 17.11 102.17 16.17 5.25 3,950,062 74.85 61.33

2014 24.27 1378.19 76.96 0.7 710 682.58 26.44 13.33 6.33 17.00 98.67 13.56 4.76 4,229,210 84.61 48.33

2013 24.87 2959.26 76.91 −0.2 702 679.61 26.33 13.33 6.33 16.89 96.56 10.94 4.49 2,493,907 99.71 42.06

2012 24.17 1730.80 82.07 0.4 693 677.54 26.22 13.11 6.00 16.78 94.44 8.33 3.95 2,508,810 98.40 35.78

2011 24.66 1058.32 84.27 −0.4 685 674.44 26.11 12.67 4.78 16.67 92.33 5.72 4.20 1,941,302 89.80 29.50

2010 24.43 2031.38 75.40 1.5 676 672.25 26.00 12.67 4.56 16.56 92.33 3.11 4.00 1,967,148 89.80 23.22

East Kalimantan

Year H1 H2 H3 H4 E1 V1 V2 V3 V4 V5 V6 V7 V8 V9 V10 V11

2019 24.47 2751.79 87.04 0.7 29 714.87 39.30 18.60 5.50 12.40 134.20 46.70 5.94 6,320,626 89.52 50.90

2018 24.47 2751.79 87.04 0.9 28 708.57 39.20 18.30 5.40 12.40 134.20 46.70 6.06 6,596,658 87.46 50.90

2017 24.35 2143.20 89.66 0.3 28 712.65 39.10 17.90 5.50 12.30 130.63 42.63 6.08 6,177,592 87.91 47.00

2016 24.33 2551.57 88.93 2.5 27 717.00 33.60 17.50 2.00 12.20 127.05 38.55 6.00 7,622,665 51.12 44.50

2015 24.96 2178.44 87.52 2.6 27 721.64 33.50 17.40 4.70 12.10 123.48 34.48 6.10 3,964,455 67.07 44.30

2014 25.11 2535.30 81.39 0.7 26 732.32 33.40 17.40 4.50 12.00 119.90 30.40 6.31 4,753,078 65.40 35.50

2013 25.25 4006.61 80.85 −0.2 19 994.49 33.30 22.20 5.40 11.90 119.50 26.33 6.38 9,711,419 89.60 31.65

2012 24.79 2510.47 88.45 0.4 18 1041.69 23.71 15.50 3.57 8.43 85.07 15.89 6.38 8,273,052 77.00 19.86

2011 25.00 2457.71 87.94 −0.4 18 1033.64 23.64 15.36 2.57 8.36 84.79 12.98 6.77 5,404,135 57.80 17.11

2010 25.15 2816.70 78.32 1.5 17 1085.92 23.57 15.50 2.50 8.29 84.79 10.07 4.00 5,722,025 57.80 14.36

Abbreviations: H1 = temperature, H2 = precipitation, H3 = relative humidity, H4 = ENSO (El Nino Southern
Oscillation), E1 = Indonesian population density, V1 = proportion of the vulnerable population, V2 = density and
distribution of health workers per city or district, V3 = number of public health centers per city or district, V4 =
number of hospitals per city or district, V5 = number of general practitioners per city or district, V6 = number
of villages with health center per city or district, V7 = number of villages near the river per city or district, V8 =
percentage of poor people, V9 = proportion of the spending of health deconcentration fund, V10 = percentage of
health deconcentration fund spending, V11 = number of health facilities x health social security agency (BPJS) per
city or district, H = Hazard, E = Exposure, V = Vulnerability.
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Appendix B

Table A2. Dengue Number of Cases per Province [3,4,33–40].

Year
Dengue Number of Cases per Province

NS JC WJ CJ EJ BI EK

2019 7731 8705 23,483 9124 18,397 4979 6723
2018 5623 2965 8732 3133 8449 904 3204
2017 5327 3350 10,016 7400 7838 4499 2237
2016 8618 20,423 36,631 14,376 24,480 21,669 10,712
2015 5274 4954 21,237 16,398 20,138 10,704 6458
2014 5378 8447 18,116 11,075 9273 8629 4752
2013 3223 10,156 23,118 15,144 14,895 6813 3593
2012 4747 6669 19,663 7088 8177 2650 3267
2011 5987 6653 13,971 4474 5401 2996 1416
2010 8889 19,273 25,727 19,871 26,020 11,697 5610

Abbreviations: NS = North Sumatra, JC = Jakarta Capital, WJ = West Java, CJ = Central Java, EJ = East Java, BI =
Bali, EK = East Kalimantan.

Appendix C

Table A3. Weighted value for each risk component.

Component/Province NS JC WJ CJ EJ BI EK

H1 0.85 0.01 0.02 0.05 0.00 0.00 0.04

H2 0.05 0.34 0.97 0.70 0.35 0.82 0.36

H3 0.03 0.00 0.01 0.06 0.26 0.14 0.05

H4 0.08 0.64 0.01 0.19 0.38 0.04 0.55

E1 1.00 1.00 1.00 1.00 1.00 1.00 1.00

V1 0.05 0.00 0.04 0.00 0.00 0.00 0.00

V2 0.00 0.00 0.00 0.00 0.00 0.00 0.00

V3 0.85 0.23 0.71 0.13 0.13 0.10 0.03

V4 0.00 0.51 0.21 0.57 0.82 0.19 0.93

V5 0.00 0.00 0.00 0.00 0.00 0.00 0.00

V6 0.00 0.00 0.00 0.00 0.00 0.00 0.00

V7 0.00 0.00 0.00 0.00 0.00 0.00 0.00

V8 0.01 0.00 0.00 0.00 0.00 0.00 0.01

V9 0.00 0.04 0.00 0.17 0.02 0.02 0.00

V10 0.04 0.11 0.04 0.00 0.00 0.62 0.01

V11 0.05 0.10 0.00 0.12 0.02 0.07 0.01

H 0.26 0.69 0.57 0.61 0.81 0.35 0.85

E 0.00 0.00 0.00 0.00 0.00 0.00 0.02

V 0.74 0.31 0.43 0.39 0.19 0.65 0.13
Abbreviations: NS = North Sumatra, JC = Jakarta Capital, WJ = West Java, CJ = Central Java, EJ = East Java, BI
= Bali, EK = East Kalimantan. H1 = temperature, H2 = precipitation, H3 = relative humidity, H4 = ENSO (El
Nino Southern Oscillation), E1 = Indonesian population density, V1 = proportion of the vulnerable population,
V2 = density and distribution of health workers per city or district, V3 = number of public health centers per
city or district, V4 = number of hospitals per city or district, V5 = number of general practitioners per city or
district, V6 = number of villages with health center per city or district, V7 = number of villages near the river
per city or district, V8 = percentage of poor people, V9 = proportion of the spending of health deconcentration
fund, V10 = percentage of health deconcentration fund spending, V11 = number of health facilities x health social
security agency (BPJS) per city or district, H = Hazard, E = Exposure, V = Vulnerability.
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Appendix D

Figure A1. Difference between the risk assessment results and the data on the dengue number of
cases in seven provinces of Indonesia.
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