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Abstract

Bangladesh is increasingly vulnerable to climate-sensitive infectious diseases, including dengue,
cholera, malaria, and other diarrheal diseases, influenced by dynamic transmission patterns driven
by meteorological variables such as temperature, humidity, and precipitation. Spatially unevenly
distributed ground observation weather stations across the country create a fundamental barrier
to using meteorological data for public health preparedness. Moreover, the absence of a systematic
framework incorporating clinical and weather data, as well as a disease-specific data mart, points
to a significant challenge in supporting preventive public health decision-making. In response, this
study integrates interpolated weather data with the National Clinical Data Warehouse (NCDW)
to facilitate preparedness for epidemic and pandemic outbreaks. We applied machine learning
techniques to interpolate weather data across all 516 upazilla (sub-district)s in Bangladesh from
42 weather stations and found that Random Forest outperformed other models for interpolat-
ing min temperature (R²=0.9658, MSE=0.9931), max temperature (R²=0.9173, MSE=1.2525),
rainfall (R²=0.3929, MSE=184.3544), and humidity (R²=0.8109, MSE=13.7712). A snowflake-
schema-based architecture, introduced as Climate-NCDW, integrated the interpolated data to
map clinical data in real time and established a nationwide disease-specific data mart to sup-
port advanced analytical infrastructure. Through interpolation, 82,727 records of weather data
provide a comprehensive view of the weather patterns during the 2019-2024 time period. We
found rainfall has the highest association with dengue disease involvement (Corr=0.87) during
the nationwide post-monsoon period (August-October) in 2019 and 2021. Overall, our findings
demonstrate that the Climate-NCDW framework can provide a robust, multidimensional big
data infrastructure for real-time assessments of disease risk to support public health policy and
decision-making and optimize resource allocation, marking a significant step toward integrating
environmental and health informatics for proactive disease control.

Keywords: Clinical Data, Weather Data, Interpolation, Machine Learning, Data Warehousing,
Analytics, Decision-support system
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1 Introduction

Certain parameters of meteorological factors, such as temperature, humidity, rainfall, and atmo-
spheric pressure, facilitate the outbreak of several communicable and non-communicable diseases
[1–4]. In the context of Bangladesh, several studies have investigated the influence of weather con-
ditions on diseases such as dengue, malaria, and diarrhea prevalence [5–8]. The high incidence
and mortality from communicable diseases, i.e., Dengue, Diarrhea, Malaria, and Pneumonia, which
are highly dependent on climate features, raise grave concerns about public health preparedness
and response capabilities (Table 1). The World Health Organization (WHO) developed a logistic
regression-based early warning system for dengue outbreaks in association with UNICEF, UNDP,
and the World Bank in 2017 [9]. However, this system faces challenges in prediction and generates
false alarms due to inconsistent data. In fact, the concept of a disease surveillance system, such as
IEDCR [10], has been found effective for zoonotic disease outbreaks, a COVID-19 data-driven intel-
ligent surveillance system [11]; however, none of the existing systems integrate meteorological factors
into disease outbreak information or pandemic prediction, which creates a significant research gap.

Table 1 Global and National Burden of Communicable Diseases

Global Bangladesh
Disease

Cases Deaths Cases Deaths
Sources

Dengue 14M 9000 321,179 1,705 Haider et al.[12], Hossain et al.[13]
(2024) (2024) (2023) (2023)

Diarrhea 4.67B 1.2M 47,568 39 GBD Report[14], Saloni et al.[15], Khan et al.[16]
(2021) (2021) (2023) (2023)

Malaria 263M 597,000 16,567 6 WHO Report[17], Gavi/DGHS [18]
(2023) (2023) (2023) (2023)

Pneumonia 455M (est.) 2.5M 4M (est.) 24,000 (children, est.) GBD [19], icddrb [20]
(2023) (2023) (2023) (2023)

It is very difficult to identify the effects of weather on disease transmission dynamics and trend
determination without accurate climatic data. Ground weather stations typically yield more accurate
weather data than other sources, which are sparsely and unevenly distributed across Bangladesh [21].
There are 42 functioning weather stations and 516 upazillas (sub-districts) comprising 64 districts.
As illustrated in Fig. 1, upazillas (sub-districts) within districts, for instance, Kishoreganj, Gazipur,
Narshigdi, Brahmanbaria, Pirojpur, and Bandarban, are not in proximity to the weather stations.
Therefore, it is inaccurate to estimate weather parameters in these regions, which indicates a challenge
in mapping and understanding disease-sensitive areas. In response, interpolated weather data will
provide precise weather parameters based on ground stations [22], which could be useful for region-wise
pandemic detection and support preparedness and response. A key challenge in using these accurate
ground-station observations is interpolating the meteorological variables across the upazillas (sub-
districts) in Bangladesh. While geostatistical methods exist for interpolating meteorological variables,
they do not account for temporal co-variation.

In this paper, we propose a big data analytical platform, Climate-NCDW (National Clinical Data
Warehouse), that integrates interpolated weather data and clinical data from Bangladesh, decom-
posed into 512 regions, within a central data ecosystem to support early outbreak detection and
public health preparedness. Previously, we built a centralized clinical data warehouse NCDW, where
infrastructure is designed to facilitate the real-time clinical information of patients’ medical histories,
enable comprehensive disease analysis, support population-level disease research, enhance treatment
decision-making, and contribute to the improvement of healthcare policies and services in Bangladesh
[23–27]. To strengthen this initiative, integrating comprehensive nationwide weather data with NCDW
would represent a highly effective and innovative strategy that advances: 1) the prediction and projec-
tion of region-wide climate-sensitive infectious disease spread to facilitate preparedness and response;
2) enables researchers to obtain real-time insights regarding disease dynamics and weather varia-
tions, as well as enhancing analytical capabilities. However, several challenges need to be addressed,
including creating a robust interpolation system, a scalable system architecture, and the seamless
integration of clinical data with interpolated climate data, which have motivated our contribution in
the following direction.
I. Develop an interpolation system that is capable of spatially interpolating weather data across

all upazillas (sub-districts) in Bangladesh (defined by latitude and longitude) using inputs from
42 weather stations using machine learning techniques.
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Fig. 1 Geographic distribution of weather stations, districts, and hospitals in Bangladesh.

II. Integrate the interpolated weather data with the existing NCDW central data repository [24]
to establish the Climate-NCDW interface featuring big-data storage systems and advanced
analytics.

III. Derive the ICD-11 disease classes specific datamarts from the Climate-NCDW data system
to provide an online analytical processing (OLAP) interface for disease-specific research and
pandemic preparedness.

IV. Evaluate the system performance with Dengue and Diarrhea datamarts that integrate four years
(2019-2024) clinical and interpolated climate data of 516 regional segments.

This paper is structured as follows. We formulated the problem statement in Section 2. Prior
research on interpolation algorithms, methodological approaches, and weather-dependent diseases is
reviewed and discussed in Section 3. The methodology of the Climate-NCDW system, following the
constellation schema, is thoroughly described in 4. In Section 5, the climate-NCDW architecture is
described with four interconnected components: Weather Data Interpolation, Clinical Data Stream,
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Analytical Infrastructure, and Analytical Dashboard. Performance evaluation of the Machine Learn-
ing Models for weather data interpolation described in 6. Data sourcing and overview are discussed
in Section 7. Exploratory analysis and validation of interpolated data, along with the findings and
corresponding discussions, are presented in Section 8. And finally, Section 9 concludes the paper by
outlining future research directions and recommendations.

2 Problem Formulation

As Bangladesh’s national health-care policies and heterogeneous data-management practices restrict
access to patient-level geolocation, directly linking individual clinical records to local meteorological
observations is infeasible. To enable weather–clinical integration under these constraints, we adopt a
service-point proxy for location. Specifically, we consider five representative healthcare service points
(Fig. 1) and assume comparable service quality across these points, as well as that each patient’s
effective location corresponds to the service region of the facility they attend. We denote these tar-
geted regions as PC (Center: Dhaka), PNE (North-East: Sylhet), PNW (North-West: Rangpur), PSE

(South-East: Chattogram), and PSW (South-West: Khulna), and define the targeted-location set
as z ∈ {Dhaka, Sylhet, Rangpur, Chattogram, Khulna}. For each targeted location z, we define
the meteorological variable set Dz = {Tmin, Tmax, Tdry, R,H}, where Tmax, Tmin, Tdry, R and H

denote daily maximum and minimum temperatures, dry-bulb temperature, rainfall, and humidity,
respectively.

The anonymous patients’ clinical data associated with location z is represented by set Pz =
{Ppik, DFD, DVD, F}, where Ppik is a unique patient identification key, DFD denotes fixed-dimension
(time-invariant) attributes, DVD denotes variable-dimension (time-varying) attributes, and F is the
clinical fact/outcome of interest. At the national level, meteorological observations are recorded by
(42) weather stations; represented as a full collection Dall = [τ×Locationsi | 1 ≤ i ≤ 42]·D, where τ is
the time index (e.g., day identifier), si indexes weather stations andD denotes the set of meteorological
variables recorded per station per time.

2.1 Problem 1: Targeted-location weather extraction

Given the station-level collection Dall, we want to obtain the meteorological time series for each
targeted location z. This requires a mapping from the set of stations to each targeted service-point
region (e.g., nearest-station assignment or region-based aggregation). We define it as an operator Φ,
such that Φ(Dall, z) ⇒ Dz, where Dz contains the meteorological variables associated with the target
location z during the specific study period.

2.2 Problem 2: Weather–clinical integration

Lets define n as number of days in the study window and m as number of healthcare data sources
contributing records for location z. Di,z represent the meteorological variables for location z on
day i, and Pj,z is the patient records contributed by healthcare source j for location z (for the
corresponding day). This problem focus on to integrate weather observations and clinical records
using a spatiotemporal join over location and time as formulated in Equation 1.

(

n
∑

i=1

Di,z

)

⋊⋉θ





n
∑

i=1

m
∑

j=1

Pj,z



 (1)

Where the join predicate is θ : (Dlocation = Plocation) ∧ (Dtime = Ptime), and z ∈
{Dhaka, Sylhet, Rangpur, Chattogram, Khulna}. This formulation supports analysis at the level
of the five targeted service-point regions and can be extended to finer administrative units (e.g.,
upazilla/sub-district) when reliable patient location linkage becomes available.

3 Related Works

Numerous approaches have recently been used to estimate meteorological data for unknown loca-
tions. Basic methods, such as masking or using constant values, and statistical techniques such as
mean, median, and mode, are considered benchmarks for more advanced models [28]. Regression-
based models, such as linear regression, multivariate linear regression, ridge Regression, Lasso, etc.,
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Table 2 Taxonomy of Weather Impacts on Diseases in Bangladesh

Category Weather Features Disease Type Key Studies and References

Vector-Borne Diseases

Dengue Fever
Tem max, Tem min,
Daily total rainfall in mm,
Daily humidity

Communicable

• Generalized Linear Regression Model for
Dengue Risk. [2].

• Urban environmental factors in dengue
spread [36].

• Climatic factors affecting dengue in Dhaka
[1].

• Studies on the potential impacts of climate
change on dengue during this century [37].

Malaria
Tem max, Tem min,
Daily humidity,
Daily total rainfall in mm

Communicable

• Climate variability and malaria [38].
• Quantitative modeling of malaria in

Bangladesh [39].
• Temperature and rainfall effects on malaria

[40].
• Liverpool Malaria Model for malaria spread

[41].

Waterborne Diseases

Cholera
Daily total rainfall in mm,
Aver-
age Humidity in Month

Communicable

• Rainfall effects on cholera outbreaks [42].
• Overview of cholera transmission [43].
• Cholera prevention strategies in Bangladesh

[44].

Typhoid Fever
Tem max, Tem min,
Daily total rainfall in mm

Communicable

• Effects of temperature and rainfall on
typhoid [45].

• Randomized-cluster approach for typhoid
prevention [46].

Gastrointestinal Diseases

Diarrheal Diseases
Tem max, Tem min,
Daily total rainfall in mm,
Daily humidity

Communicable

• Temperature and precipitation effects on
childhood diarrhea [4].

• Time-series analysis of 3 million diarrhea
cases in Dhaka [47].

• Time-series regression led analysis between
diurnal temperature range (DTR) and daily
hospitalization counts for all-cause diarrhea
in Dhaka, Bangladesh[48].

are exceptionally useful for trend analysis in climate data, as stated in [29]. Nonlinear approaches,
such as tree-based methods for instance, random forest (RF) and decision trees (DT), are discussed
in [29–31]. Widely used methods like K-Nearest Neighbors (KNN) identify the nearest data points, as
demonstrated in [28, 29, 32]. Similarly, inverse distance weighting (IDW)- a technique that computes
the values using the proximity and the influence of the location neighbors, has been demonstrated in
[28, 32].
Neural Network-based methods such as U-NET, LSTM, and BiLSTM [28, 29, 33] and geo-statistical
methods such as Gaussian Process Regression (GPR) quantify the uncertainty of the predictions dis-
cussed [31]. Multiple methodologies integrated with advanced hybrid models to ensure robustness
with higher accuracy. While statistical and geo-statistical methods provide satisfactory spatial inter-
polation, hybrid models, such as optimal interpolation (OI), are discussed in [34] and kernel-based
Lagrangian methods (DARTS) demonstrated in [35].
The evolution of weather interpolation methodologies has transformed weather forecasting from a
hypothesis-based technology to a data-based refinement. The methodologies’ advantages rely on the
features of the data condition, the availability of computing power, and the level of accuracy desired.
This taxonomy is an all-encompassing guide to the appropriate methodologies applicable to weather
interpolation problems.
With consideration to communicable and non-communicable diseases in Bangladesh, the impact of
climate variability on diseases has been widely studied, as shown in Table 2. The country’s tropical
climate, characterized by seasonal variations in temperature, humidity, and rainfall, plays a signifi-
cant role in influencing disease outbreaks and severity.
Vector-borne viral diseases, such as dengue fever, have seen an alarming rise in Bangladesh. Studies
indicate that a specific range of temperatures provides optimal conditions for the breeding of Aedes
mosquitoes, which transmit the dengue virus [2]. High humidity association on dengue transmission,
a particular range of rainfall involvement in creating seasonal outbreaks has been indicated in [1, 36].
Another vector-borne bacterial disease, such as cholera, thrives in Bangladesh’s fluctuating climate,
with outbreaks peaking during the monsoon and post-monsoon seasons. Heavy rainfall has been linked
to increased drinking from polluted water sources, increasing the risk of outbreaks [42]. Elevated
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ambient temperatures further promote bacterial proliferation, exacerbating the spread of cholera [43].
Parasitic diseases like malaria, transmitted by Anopheles mosquitoes, remain a major public health
concern in Bangladesh. Research highlights that malaria transmission intensifies when specific temper-
ature, rainfall, and humidity levels enhance mosquito survival, prolonging their lifespan and increasing
the likelihood of disease transmission [38, 40, 41].
Typhoid fever, a bacterial infection caused by Salmonella typhi, exhibits a strong correlation with
rising temperatures, which accelerate bacterial multiplication in water sources [45]. Heavy monsoon
rainfall has been linked to water contamination, particularly in urban slums [40]. Likewise, diar-
rheal diseases have shown a significant association with climate variability, with hospitalization risks
increasing by 4.6% for every 1°C rise in temperature [47]. Heavy rainfall during the monsoon season
has been found to escalate the prevalence of diarrheal infections by 29% [3].
The interaction between climate change and disease prevalence in Bangladesh highlights the critical
need for proactive mitigation initiatives. The country experiences an increasing burden of climate-
sensitive diseases as temperature, rainfall, and humidity patterns shift. Therefore, Bangladesh must
implement vector-controlled measures and sustainable environmental policies to improve public health
outcomes. These proactive mitigation efforts will enhance health sustainability and mitigate the
expanding health crises.

4 Climate-NCDW Integration Methods

The NCDW schema consists of eight dimension tables and one fact table desiged using star schema
model, as shown in Fig. 2. The fact table ’TESTRESULT’ is considered across all eight dimen-
sions’ primary keys: PATIENT, TIME, HEALTHCARE, LABINFO, TESTGROUP, TESTITEM,
ATTRIBUTE, and REFRANGE, along with three measures: test result as a non-additive fact, ana-
lyzer name, and remarks as a factless fact. The value of measured attributes for diagnosing and
screening diseases is contained in the results of clinical laboratory tests, as described in [24]. To

Fig. 2 Central star schema of NCDW that store anonymous clinical data

establish the state-of-the-art Climate-NCDW integration, the relational algebra representations are
shown in Equation 2, 3, and 4.

dpdl =
(

σdp.LOC KEY=dl.LOC KEY

(ρ
dp
(DIM PATIENT NEW) × ρ

dl
(DIM LOCATION)

)

)

(2)
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Fig. 3 Central Schema of Climate-NCDW to store clinical and interpolated weather data

dpdl NCDW =
(

σdp.PIK=fn.PIK

(

dpdl × ρ
fn
(FACT CLIMATE NCDW)

)

)

(3)

Integrated Climate NCDW =
(

σdpdl NCDW.CLIMATE KEY=dc.CLIMATE KEY

(

dpdl NCDW×ρ
dc
(DIM CLIMATE)

)

)

(4)

Therefore, to enable effective and advanced analytics, the projected Climate-NCDW representation
is computed as:

Π PIK, AGE, GENDER, ETHNICITY, TIME KEY, HEALTHCARE KEY,
LAB KEY, TESTGROUP KEY, TEST KEY, ATTRIBUTE KEY,

REFRANGE KEY, CLIMATE KEY, TEST RESULT, ANALYZER NAME,
LOC KEY, TEM MAX, TEM MIN, TEM DRY BLUB,

TOTAL RAINFALL IN MM, HUMIDITY
(

Integrated Climate NCDW

)

This schema, as shown in Fig. 3 aims to integrate clinical factors with weather for comprehensive
analysis and generating reports. By linking patient demographics and laboratory tests with weather
factors, this schema enables exploring potential correlations between weather conditions and clinical
outcomes. The time dimension allows for trend analysis over different periods, while referencing
ranges ensures accurate interpretation of test results. This design supports medical research, disease
prediction, public health monitoring, and operational efficiency in healthcare facilities. Optimized
for querying and reporting, it provides a structured foundation for data-driven decision-making in
healthcare and environmental research.
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5 System Architecture

A data-driven, bottom-up approach has been followed to integrate weather and clinical data into the
National Clinical Data Warehouse (NCDW) to provide analytical insights that support nationwide
disease prevention, preparedness, and response. The architecture of the Climate-NCDW model is
illustrated in Fig. 4 of four interconnected components: (i) Weather Data Interpolation, (ii) Clinical
Data Stream, (iii) Analytical Infrastructure, and (iv) Analytical Dashboard. Each component serves

Fig. 4 Four- Layer Architecture of Climate-NCDW System 1) Interpolation layer that transfers climate data to
the central repository, 2) Clinical data streaming from healthcare source to central repository using ETL process, 3)
Climate-NCDW data infrastructure for data storing and deriving data marts, 4) online analytical process interface

a distinct complementary function, ensuring efficient data processing, secure storage, and advanced
analytics.

5.1 Weather Data Interpolation

Due to the spatial sparsity of weather stations, ground-based weather observations are processed using
a developed interpolation model to estimate weather conditions for all upazilla (sub-district) at the
’Loading’ stage after completing the data pre-processing procedure. Once interpolated, the refined
weather data, as ’Interpolated Data’, is prepared for integration with the NCDW. The Climate-
NCDW weather data interpolation methods are described below.

5.1.1 Data Modeling

For each station s ∈ S and for each upazilla (sub-district) u ∈ U , we consider, Locations = (ϕs, λs)
and Locationu = (ϕu, λu). Where ϕs represents the latitude of stations, λs represents the longitude
of stations, ϕu represents the latitude of upazilla (sub-district) u, λu represents the longitude of
upazilla (sub-district) u. For each location, let D represent our meteorological variable set: D =
{Tmin, Tmax, Tdry, R,H}. Where, Tmax represents maximum temperature, Tmin represents minimum
temperature, R represents rainfall, and H represents humidity. This mapping ensures each station
and upazilla (sub-district) is uniquely identified by its geographical coordinates in Euclidean space,
enabling spatial analysis and interpolation.

5.1.2 Generating time id

The NCDW time key [24] has been enhanced through the following modifications, and this methodol-
ogy has also been extended to incorporate weather and upazilla (sub-district) data. To record weather
information based on a specific day, a unique time id computed as:

time id = τ = f(y,m, d) : N → N[1, 12][1, 31]

Where, day denoted as d that values in the range [1,31], month denoted as m that values in the
range [1,12], and year denoted as y that any natural number since N → Set of natural numbers
{1, 2, 3, . . . , n}. f(y,m, d) is a function that maps (y,m, d) to a unique time identifier. An example
of time id calculation for 5th January 2023:

f(2023, 1, 5) = 2023× 10000 + 1× 100 + 5 = 20230105
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5.1.3 Coordinate System Transformation and Interpolation Algorithm

The geographical coordinates were transformed using:

Minutesϕ = 60ϕdeg + 60ϕmin

Minutesλ = 60λdeg + 60λmin

Where, latitude in location denoted as ϕ, longitude in location denoted as λ, Minutesϕ represents
converted latitude in minutes, Minutesλ represents converted longitude in minutes, ϕdeg represents
original degree component of latitude, λdeg represents original degree component of longitude, ϕmin

represents original minute component of latitude, λmin represents original minute component of
longitude. An example of coordinate transformation is shown below.

• If ϕs = 23.780, then:

Minutesϕ = (23× 60) + (0.780× 60) = 1426.8

• If λs = 90.412, then:

Minutesλ = (90× 60) + (0.412× 60) = 5424.72

Followed by, the final weather interpolation equations are formulated as follows:
The weather station data representation:

[τ × {Locationsi |1 ≤ i ≤ 42}].D

⇒ [{f(y,m, d)} × {ϕs1λs1, ϕs2λs2, ϕs3λs3 . . . ϕs42λs42}].{Tmin, Tmax, Tdry, R,H}

(5)

The upazilla (sub-district) geographical data representation:

[τ × {Locationui
|1 ≤ i ≤ 516}].D

⇒ [{f(y,m, d)} × {ϕu1λu1, ϕu2λu2, ϕu3λu3 . . . ϕu516λu516}].{Tmin, Tmax, Tdry, R,H}

(6)

Finally, the Weather Interpolated Data representation:

∫∫

([τ × {Locationsi |1 ≤ i ≤ 42}].D) ⇒ [τ × {Locationui
|1 ≤ i ≤ 516}].Ditp

(7)

∫∫

([{f(y,m, d)} × {ϕs1λs1, ϕs2λs2, . . . ϕs42λs42].{Tmin, Tmax, Tdry, R,H})

⇒ [{f(y,m, d)} × {ϕu1λu1, ϕu2λu2, ϕu3λu3 . . . ϕu516λu516}].{Tmin, Tmax, Tdry, R,H}itp

(8)

Where,
∫∫

(. . . ) is a function of Interpolation Model, τ is time id, Locations represents location
of station, Locationu represents Location of upazilla (sub-district), D denoted as Meteorological
variables, Ditp denoted as Interpolated meteorological variables.

5.1.4 Interpolation

The interpolation method, as shown in Fig. 5, was developed using multiple machine learning (ML)
models to interpolate weather features. The interpolation algorithm (Algorithm 1) utilizes seven ML
models described in Section 6. The interpolated data have been integrated with NCDW to enhance
analytical insights, strengthening nationwide disease prevention, preparedness, and response.
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Fig. 5 A three-stage prominent spatial interpolation for estimating upazilla-level weather data from stations

Algorithm 1: Weather Data Interpolation

Input: Pre-processed Weather, weather stations and upazilla (sub-district) Location Data
Output: Upazilla (sub-district)-based Interpolated Weather Data

begin
Step 1: Load Pre-processed Weather, Weather Stations and Upazilla (sub-district)
Location Data

Step 2: Define Input and Target Features:
→ Inputs:[{y,m, d}× {ϕs1λs1, ϕs2λs2, ϕs3λs3 . . . ϕs42λs42}]
→ Targets: {Tmin, Tmax, Tdry, R,H}

Step 3: Split Data into Train and Test sets

Step 4: Model Training

Step 5: Generate {y,m, d}- wise [{ϕu1λu1, ϕu2λu2, ϕu3λu3 . . . ϕu516λu516}.
{Tmin, Tmax, Tdry, R,H}itp]

Step 6: Store the final data as upazilla (sub-district)- based Interpolated Weather Data

end

5.2 Clinical Data Stream

Real-time clinical data such as patient disease descriptions, laboratory results, and disease trans-
mission information have been collected and stored from numerous hospitals and diagnostic centers
nationwide in existing developed NCDW infrastructure [24, 26].

5.3 Analytical Infrastructure

The architecture incorporates an analytical dashboard that enables multi-dimensional data analysis.
Each disease data mart is connected to an Online Analytical Processing (OLAP) system, facilitating
complex queries and trend analysis. Initially, in this research, Dengue data marts are developed to
facilitate targeted analysis and demonstrate the system functionality.

5.3.1 Dengue Data Mart

The Climate-NCDW facilitated nationwide clinical records that integrated with weather fac-
tors as described in Section 4. To construct the dengue datamart, we created a dupli-
cate structure of Climate-NCDW. Following that, we selected the dengue record from
FACT CLIMATE NCDW and fetched the copied corresponding dimensions entries from
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Climate-NCDW into the replica. Algorithm 2 is used for dengue data mart creation.

Algorithm 2: NCDW to Dengue Data Mart Generation

Input: Climate-National Clinical Data Warehouse (Climate-NCDW)
Output: Dengue Data Mart

begin
Step 1: Load Climate-NCDW Fact Table (FACT CLIMATE NCDW ) and Dimension
Tables

Step 2: Copy Climate-NCDW structure and set name as Dengue Data Mart

Step 3: Identify and Replicate Test Records associated with dengue-
For each record of FACT CLIMATE NCDW :

if test name with “Dengue” and test result ∈ {’Positive’ | ’+ve’ | ’+’ | ...} then
Copy the record into the FACT TABLE of Dengue Data Mart
Copy the related Climate NCDW Dimensional tuples to Dengue Data Mart
dimensional tables

end
else

Continue
end

end

An End-to-End Pipeline (Climate-NCDW → Analytical Dashboard) as shown in Fig. 6 describes
the data flow of healthcare data from the Climate-NCDW to a specialized analytical dataset used for
dengue outbreak detection, monitoring, and research.

Climate-
NCDW

Dengue Test
Extraction

Filter
Dengue

Lab Tests

Fact
Transfer
and Join

Dimensions

Dengue
Data Mart

Analytics
Dashboard

Fig. 6 An end-to-end pipeline for constructing a Dengue Data Mart from Climate-NCDW

5.3.2 Diarrhea and Other Diseases Data Marts

Diarrhea and other diseases data mart creation and operational procedure was performed using the
similar Algorithm 2 by changing fact parameters and following similar workflows, such as follows:
Diarrhea data mart: test name with ”E. coli outcrop” and test result ∈ {’Positive’ | ’+ve’ | ’+’ |
...}
Malaria data mart: test name with ”RDT” and ”PCR” and test result ∈ {’Positive’ | ’+ve’ | ’+’
| ...}
Pneumonia data mart: test name with “Chest X-ray: Lung consolidation” and ”Sputum Cul-
ture”, and test result ∈ {’Positive’ | ’+ve’ | ’+’ | ...}

5.4 Analytical Dashboard

To provide meaningful insights, the architecture provides an analytical dashboard that enables multi-
dimensional data analytics, incorporating Online Analytical Processing (OLAP). The analytical
dashboard supports the analytical applications as follows:

• Analysis & Reporting: Generates real-time health reports for policymakers and health
officials.

• DSS (Decision Support System) Applications: Supports predictive modeling for disease
outbreaks.

• Dataset Generation: Provides structured datasets for further epidemiological studies and
research.

• Data Mining: Enables advanced analytics to identify correlations between climate variations
and disease occurrences for policy makers.

This framework facilitates real-time disease monitoring and information regarding public health inter-
ventions by leveraging a weather interpolation system, structured data marts, and OLAP-based
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Fig. 7 CUBE Hierarchy in Weather-Disease Analysis

analytics infrastructures. Fig. 7 hierarchy shows a multidimensional schema for analyzing climate,
healthcare, and disease outbreaks, which enables data aggregation and drill-down for insights such
as tracking disease cases over time and across regions, along with under varying weather conditions
through supporting cube and roll-up operations.

Fig. 8 Correlation Heatmap of Weather Data
Fig. 9 Model Comparison by R² Score

6 Model Selection for Interpolation

Initially, the interpolation process has been conducted with the following models from existing research
work as described in Section 3, along with several recommended algorithms regarding this research
to determine how accurately those models will perform on weather data: Decision Tree, Random
Forest Regressor, K-Nearest Neighbors (KNN), Inverse Distance Weighting (IDW), Linear Regression,
CatBoost. The model exhibiting the highest accuracy is selected to construct a reliable interpolation
model capable of precisely interpolating weather data across all upazilla (sub-districts) in Bangladesh.
Since tem dry blub is highly correlated with tem max and tem min, as shown in Fig. 8, in terms
of avoiding overfitting, tem dry blub has to be ignored to ensure topmost accuracy along with the
hyperparameter tuning process.

The model performance comparison, as illustrated in Table 3, found that the Random Forest
Regressor performs better on all weather features, showing significant variations in predictive perfor-
mance across different climate features as shown in Fig. 9. Each algorithm was tested using multiple
metrics, with underscoring on R2 scores and Mean Squared Error (MSE). The Random Forest algo-
rithm demonstrated superior performance for Temp max, achieving a test accuracy of 91.73% and an
R2 score of 0.9173, with the lowest MSE (1.2525) among all models. Similarly, for Temp min, Ran-
dom Forest outperformed other algorithms with a test accuracy of 96.58% and an R2 score of 0.9658,
further supported by the minimal MSE (0.9931) as shown in Table 3. Notably, where all algorithms
struggled with rainfall prediction, as shown in Fig. 9, the Random Forest algorithm shows a moderate
performance in rainfall prediction and shows the most consistent and robust predictive capabilities
across other weather features.
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Table 3 Model Performance Comparison for Weather Feature Prediction

Model Feature Initial Accuracy (%) Best Accuracy (%)Hyperparameters R² MSE

Train Test Train Test

Decision Tree

Temp Max 99.37 85.34 93.71 87.19 max depth=None,
min leaf=4

0.8719 1.9409

Temp Min 99.61 93.98 97.48 94.85 max depth=None,
min leaf=4

0.9485 1.4948

Rainfall 99.25 0.00 58.56 26.19 max depth=20,
min leaf=4

0.2619 224.1258

Humidity 99.33 66.72 85.02 70.55 max depth=None,
min leaf=4

0.7055 21.4499

Random Forest

Temp Max 98.33 91.65 98.35 91.73 n est=200,
max depth=30

0.9173 1.2525

Temp Min 99.19 96.58 99.19 96.58 n est=200,
max depth=30

0.9658 0.9931

Rainfall 90.51 36.53 75.25 39.29 n est=200,
max depth=30

0.3929 184.3544

Humidity 96.73 80.98 96.79 81.09 n est=200,
max depth=30

0.8109 13.7712

KNN

Temp Max 92.50 88.10 99.33 89.40 n neighbors=7 0.8940 1.6066
Temp Min 96.17 94.25 99.56 94.93 n neighbors=5 0.9493 1.4722
Rainfall 57.53 32.41 99.25 38.41 n neighbors=13 0.3841 187.0072
Humidity 77.24 64.72 99.28 69.47 n neighbors=7 0.6947 22.2350

IDW

Temp Max 99.37 47.36 99.37 87.00 p = 4 0.8700 1.9697
Temp Min 99.61 57.19 99.61 93.64 p = 4 0.9364 1.8468
Rainfall 99.25 16.77 99.25 32.07 p = 3 0.3207 206.2593
Humidity 99.33 35.88 99.33 62.20 p = 3.5 0.6220 27.5338

Linear Regression

Temp Max 1.80 1.88 1.80 1.88 N/A 0.0188 14.8680
Temp Min 8.04 7.61 8.04 7.61 N/A 0.0761 26.8217
Rainfall 0.75 0.70 0.75 0.70 N/A 0.0070 301.5279
Humidity 10.78 10.60 10.78 10.60 N/A 0.1060 65.1223

CatBoost

Temp Max 84.26 83.09 73.69 73.16 iter=200, depth=6,
lr=0.05

0.7316 4.0664

Temp Min 94.53 94.21 90.60 90.34 iter=200, depth=6,
lr=0.05

0.9034 2.8057

Rainfall 35.36 27.26 18.87 17.71 iter=200, depth=6,
lr=0.05

0.1771 249.8562

Humidity 69.68 68.22 69.68 68.22 iter=200, depth=6,
lr=0.05

0.6822 23.1453

7 DATA

The weather data has been collected from the Bangladesh Meteorological Department (BMD) for
this research. This organization, affiliated with the Ministry of Defense of the Government of
Bangladesh, has 42 weather stations all over Bangladesh and responsible for maintaining the network
of surface and upper air observatories, radar and satellite stations, agro-meteorological observato-
ries, geomagnetic and seismological observatories, and the meteorological telecommunication system
of Bangladesh [49]. This study collected daily meteorological data from 42 stations from JAN
2019 to OCT 2024, including 7 meteorological elements: maximum temperature (Tem max ), min-
imum temperature (Tem min), daily air temperature (Tem dry blub), average air temperature in
the month (Average DBT in Month), daily total rainfall (Daily total rainfall in mm), daily humid-
ity (Daily humidity), and average humidity in the month (Average Humidity in Month).
District and Division lists of Bangladesh, along with latitude and longitude data, have been collected
from the Space Research and Remote Sensing Organization (Sparrso). Sparrso is a premier govern-
ment agency under the Ministry of Defence in Bangladesh. It operates as an autonomous organization
and aims to develop peaceful uses of space science and remote sensing technology throughout the
country [50].
Clinical data have been collected from the listed hospital with the consent of the Directorate Gen-
eral of Health Services (DGHS) office, Govt. of Bangladesh. The DGHS plays a key role in providing
nationwide administrative leadership and technical support to the medical colleges and the Min-
istry of Health and Family Welfare with the planning, management, and execution of national health
policies and programs [51].
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7.1 Ethical Consideration

The ethical clearance from the Bangladesh Medical Research Council (BMRC) to collect anonymous
secondary data (Ref: BMRC/NREC/20I9-2022/342) was obtained while the National Clinical Data
Warehouse (NCDW) was being developed. Key-based Secured Record Linkage (KSRL) algorithm used
to generate (PIK) to ensure anonymity of personal information, and a private-key-based encryption
protocol was followed to prevent data leakage while transferring data [24].

8 RESULT AND DISCUSSION

Table 4 Summary Statistics of Weather Data

Var Cnt Mean Min 25% 50% 75% Max

Tem max 82732 31.23 13.7 28.9 32.0 34.0 43.8
Tem min 82732 21.53 5.0 17.0 23.4 26.0 30.9
Tem dry 82732 25.73 9.5 22.4 27.2 29.3 35.2
Avg DBT 82732 25.71 13.7 22.3 27.7 29.1 31.6
Rain (mm) 82732 5.92 0.0 0.0 0.0 2.0 378.0
Humidity 82732 79.33 32.0 75.0 80.0 85.0 100.0
Avg Hum 82732 78.85 55.0 75.0 80.0 84.0 93.0

8.1 Exploratory Analysis: Climate Bangladesh

The weather dataset consists of 82,732 records of weather data from 42 weather stations across the
nation. Key variables include daily maximum and minimum temperatures (Tem max, Tem min), rain-
fall (Daily total rainfall in mm), humidity (Daily humidity), and geographic coordinates of stations
(Latitude Minutes, Longitude Minutes). The data spans from 2019 to 2024, providing a comprehen-
sive view of weather patterns over time. The detailed summary statistics of weather data have been
enumerated in Table 4.

According to the weather dataset, Fig. 10(a) reveals distinctive seasonal rainfall patterns, with
peak precipitation occurring during June-August. Humidity inversely correlates with temperature in
March-April (dropping to 68-70%). Still, it positively correlates with rainfall from May to September
(rising to 85-87%), with 2021 recording the highest peak humidity (87.2% in August), as shown in
Fig. 10(b). The data shows that 2019 experienced the most extreme rainfall spike (19.5mm in July),
while 2023 peaked (19mm) in August, demonstrating significant year-to-year variability in monsoon
timing. A clear and detailed overview in Fig. 10(c). A consistent cyclical temperature pattern from
2019-2024, with maximum temperatures of 35-36°C occurring during summer months and minimum
temperatures of 13-14°C during winter, creating an annual temperature range of approximately 22°C,
has been shown in Fig. 10(d).

8.2 Statistical Validation of Interpolated Data

We used Pearson Correlation Coefficient statistical approach to validate interpolated weather values
[52, 53]. The correlation analysis between interpolated and ground weather station data showed
significant linear agreement across all variables as shown in Table 5, and additionally confirms that the
interpolation preserved more than 90% of the observed data variance, indicating minimal information
loss.
As shown in Fig. 11, the Pearson Correlation Analysis yielded very high coefficients (r = 0.91–0.99)

Table 5 Pearson Correlation (r) and Coefficient of Determination (R2) for Station vs Interpolated Weather Variables

Variable r R2

Daily maximum temperature (Tem max) 0.986 0.972
Daily minimum temperature (Tem min) 0.995 0.989
Daily total rainfall (mm) 0.910 0.828
Daily humidity 0.970 0.940

Note: All correlations are significant at p < 0.001.

with p-values < 0.001, indicating that all relationships are statistically significant, which validates
that the interpolated weather dataset is highly consistent with observed station data, ensuring the
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Fig. 10 Weather Variations in Bangladesh: (a) Yearwise Average Monthly Rainfall, (b) Yearwise Average Monthly
Humidity, (c) Heatmap of Yearwise Average Rainfall, (d) Monthly Average Max Temperature (Stations)

reliability of the interpolation process. For instance, based on interpolated weather data, districts
that are in proximity to weather stations exhibiting temperature behavior as shown in Fig. 12(a),
approximately illustrate the expected outcome as station-wise temperature as shown in Fig 12(b).
Overall, the interpolated dataset demonstrates excellent precision to ground-station records and is
suitable for further climate-associated applications in preference to the NCDW.

8.3 Integration of Weather and Clinical Data Analysis

According to Section 4, the Climate-NCDW data, as shown in Fig. 13, shows that rainfall appears
to be the most significant environmental factor associated with potential dengue outbreaks, followed
by humidity and temperature, as shown in Fig. 14(a). Additionally, based on Fig. 14(b), rainfall has
the strongest immediate correlation with dengue cases (0.87 at the 0-month lag), while temperature
shows a delayed effect with increasing correlation over time (reaching 0.4 at the 3-month lag) when
humidity maintains a moderate correlation across all lag periods. This suggests that tracking rainfall
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Fig. 11 Interpolated vs Station Weather Data Correlation Analysis

Fig. 12 Total Number of Extreme Temperature Days in 2019-2024: (a) District-wise (b) Weather Station-wise

may aid in predicting dengue and other environmental factors associated with dengue transmission,
as highlighted also in [54].

16



Fig. 13 The Climate-NCDW Data Sample of Dengue Disease

Fig. 14 Weather and Clinical Data (Dengue) Co-relation Analysis: (a) Correlation Between Dengue Cases and Climate
Factors, (b) Lagged Correlation Between Climate Factors and Dengue Cases, (c) Dengue Outbreak with Weather
Factors, and (d) Temperature Trend with Dengue Positive Cases

The seasonal pattern of dengue outbreaks and the strong correlations with environmental factors
are evident. As shown in Fig. 14(c), the orange peaks portray distinct dengue cases, indicating a sea-
sonal outbreak. The outbreak periods show the cyclical recurrences of high-risk windows, indicating
an ideal example of the observed overlapping association between dengue transmission and weather
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events - having the ability to conduct climate-based monitoring can predict potential outbreak occur-
rence and effectively manage risk. A clear seasonal pattern of maximum and minimum temperatures
has been discovered in Fig. 14(d), which reveals a predictable clustering trend of dengue positive cases
during the periods of higher temperatures, indicating a significant environmental factor influencing
the assumption of dengue outbreak[37].

9 CONCLUSION AND FUTURE WORKS

This research aims to provide insights into the prevalence of climate-sensitive diseases and climate
factors in Bangladesh by examining the likelihood of infections, affected areas, and the potential
number of infected individuals (based on further development). Therefore, an interpolation system
has been developed by leveraging the top-most performed interpolating algorithm to interpolate
weather metrics across all upazillas (sub-districts) in Bangladesh, which required a big-data storage
facility. Furthermore, the Climate-NCDW architecture has been established, which facilitates a big
storage system for interpolated weather data and clinical data to execute integration for advanced
analytics along with individual disease data marts. This will enable proactive preparedness among
health sector stakeholders, such as the Ministry of Health, hospitals, doctors, researchers, and other
institutions, to take necessary precautions in advance; expected to ensure significant savings in time
and resources in Bangladesh’s healthcare sector, thereby contributing substantially to the advance-
ment of healthcare standards in the country.
It is noteworthy that the behavior and characteristics of diseases and infections evolve due to climate
change [55, 56]. Therefore, continuous research and development will be necessary in the future to
establish additional disease data marts as required all over Bangladesh. To enhance system function-
ality for generating actionable information, analyses, results, and insights from real-time weather and
clinical data streams, collaborative support from the Bangladesh Meteorological Department (BMD)
and the Directorate General of Health Services (DG-Health) will be essential to ensure effectiveness.
The Climate-NCDW System will be enriched by integrating more weather features, such as wind
speed with direction, atmospheric pressure, and cloudiness, along with various clinical factors that
are able to estimate the effects on our health behavior and lifestyle factors. Furthermore, this system
can be used for developing a nation-wide central healthcare system with proper consent from its
stakeholders, which uplifted the national healthcare infrastructure to ensure more responsive and
effective public health interventions in long-term.
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