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Abstract: Indonesia, a country located in the equatorial region with hilly and valley lands sur-
rounded by vast oceans, has complex rainfall patterns that can generally be classified into three types:
equatorial, monsoon, and local. Rainfall estimates have only been derived based on local data and
characteristics so far, and have not yet been developed based on universal data for all of Indonesia.
This study aimed to develop a rainfall estimation model based on weather radar data throughout
Indonesia using ensemble machine learning with the gradient boosting algorithm. The proposed
rainfall estimation model is universal, can be applied to different rainfall pattern areas, and has a
temporal resolution of 10 min. It is based on determining the root mean square error (RMSE) and
R-squared (R2) values. Research was conducted in six areas with different rainfall patterns: Bandar
Lampung and Banjarmasin with monsoon rain patterns, Pontianak and Deli Serdang with equatorial
rain patterns, and the Gorontalo and Biak areas with local rain patterns. The analysis of the proposed
model reveals that the best hyperparameters for the learning rate, maximum depth, and number of
trees are 0.7, 3, and 50, respectively. The results demonstrate that the estimated rainfall in the six
areas was very accurate, with RMSE < 2 mm/h and R2 > 0.7.

Keywords: seasonal zone; non-seasonal zones; weather radar; gradient boosting

1. Introduction

Indonesia is located in the tropics, between the continents of Asia and Australia and
between the Pacific and Indian Oceans, and is crossed by the equator. It consists of islands
stretching west to east, with hilly and valley lands surrounded by vast oceans. These
conditions cause the Indonesian region to have high weather and climate diversity [1–3].
Several phenomena strongly influence the climate patterns in Indonesia, which can be
observed from the weather parameter return periods [4,5]. Based on the grouping of
monthly average rainfall distribution patterns, Indonesia’s territory climatologically con-
sists of seasonal zones (ZOMs) and non-seasonal zones (non-ZOMs) [6–8]. The Indonesian
region has 407 climate patterns, of which 342 are ZOMs, which generally present apparent
differences between the rainy and dry seasons, while the other 65 are non-ZOMs [9]. In
addition to seasonal patterns, Indonesia’s territory is divided according to three rain pattern
types, namely, monsoonal, local, and equatorial [10]. The diversity of rain patterns in the
Indonesian region presents a challenge for the estimation of rainfall in various regions
throughout the country [11]. The Meteorological, Climatological, and Geophysical Agency
(BMKG) has stated that Indonesia, as a tropical and archipelagic country, has complex
atmospheric phenomena due to the complexity and uncertainty of its rain distribution. It
is difficult for the BMKG to provide rainfall estimate information with high accuracy and
resolution, both spatially and temporally.

Rainfall estimation studies using several methods have been conducted in areas with
monsoon rain patterns [12–14], and, likewise, for areas with equatorial [15] rainfall patterns.
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Estimation studies have been carried out in each rain pattern area independently, but have
not been carried out comprehensively and in an integrated manner to cover all three rain
patterns. Therefore, these developed methods can only be applied to areas with specific
rain patterns [16,17]. An estimation method that applies to a particular region may lead to
a significant deviation if applied to other regions [18,19]. In addition, estimation methods
that use statistical models do not always produce accurate results [20–22], as the accuracy
of a statistical model depends on the linear relationships between variables.

The characteristics of rainfall data vary widely, are not continuous, and
fluctuate [23–26]; therefore, they may be non-linear. Therefore, machine learning ap-
proaches are suitable for the estimation of rainfall as, conceptually, machine learning
algorithms can be applied to both linear and non-linear data sets [27–31]. The application
of machine learning to estimate rainfall has been carried out in previous studies, using vari-
ous methods and data sources. A multi-layer perceptron (MLP) could accurately estimate
rainfall using single-polarisation weather radar [32]. However, MLP models often work
slowly when used to process complex data and are highly dependent on the quality of the
training data, as local minima can cause generalisation problems [33,34]. Tree regression
and random forest, which are both supervised machine learning methods, have the po-
tential to be used to estimate rainfall from dual-polarisation weather radar [27]. Random
forest models excel in terms of estimation accuracy, while tree regression excels in terms of
processing speed [27,35]. However, random forest has a major limitation—the dependence
of the accuracy on the number of trees—which can make the algorithm too slow and
ineffective for real-time estimation [36]. Meanwhile, tree regression is very sensitive to the
training data and, so, irrelevant attributes and noise can cause the estimation results to be
inaccurate [37].

Using satellite data and weather radar, machine learning methods have been proven
to be effective in estimating rainfall [38]. Furthermore, using data sources that are more
heterogeneous and comprehensive, such as rain gauge, radar, and satellite data, allows
machine learning models to produce very accurate rainfall estimates [39]. However, the
use of machine learning in the development of rainfall estimation studies still faces two
important concerns [40]. First, from the implementation side, some machine learning
algorithms for estimating rainfall generally do not consider the variability of rain patterns.
Second, from the point of view of the effectiveness and efficiency of the estimates based
on machine learning approaches, the result is very dependent on the characteristics of the
data and the selected algorithm [41,42].

Several researchers have previously stated that the gradient boosting (GB) algorithm
may efficiently manage non-linear relationships between data. This algorithm is not affected
by overfitting [43] or precision [44], is accurate and robust against missing data [45], and can
provide good results in significant and varied data sets [33]. Considering the heterogeneous
characteristics of rainfall data, GB has been shown to be a suitable machine learning
algorithm for estimation [46,47]. In this study, the GB algorithm is implemented to estimate
rainfall at several points in the ZOM and non-ZOM regions, including monsoon, equatorial,
and local rainfall patterns. Therefore, the estimation model is universal and non-sectoral,
remains accurate, and can be applied to all regions of Indonesia.

2. Materials and Methods
2.1. Research Data

This study used rainfall data from tipping bucket rain gauge measurements and
weather radar reflectivity data for six regions in Indonesia: Bandar Lampung, Banjarmasin,
Pontianak, Deli Serdang, Gorontalo, and Biak. The Bandar Lampung and Banjarmasin re-
gions represent ZOM regions, while Pontianak, Deli Serdang, Gorontalo, and Biak represent
non-ZOM regions. The Pontianak and Deli Serdang areas have an equatorial rain pattern,
while the Gorontalo and Biak areas have a local rain pattern. The map, coordinates, and
elevation of each research location, as well as the distance of the weather radar instrument
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from the tipping bucket, are presented in Figure 1. The data period used in this research is
from December 2021 to February 2022.
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Figure 1. Research locations with map information, coordinates, altitude, distance from rain gauges
and weather radar, as well as rain patterns at each location.

The six research locations are part of the BMKG’s weather radar network. The six
weather radars are C-band radars using an operating frequency of 5500–5700 MHz with
a single polarisation [48]. The weather radar scanning strategy was designed to generate
reflectivity data every 10 min. Rainfall data were obtained through the accumulation of
tipping bucket measurements simultaneously. Each location consists of three tipping bucket
unit, which records rainfall data accumulatively every 10 min during the research period.
The tipping bucket sensor used is the property of BMKG and has a resolution of 0.1 mm [49].
The distance between rain gauges and weather radar varies. The radar reflectivity data
in this study have undergone attenuation correction to ensure measurement accuracy
and reliability. Attenuation correction compensates for the loss of signal strength due to
absorption and scattering by atmospheric particles, especially rain. Gaseous attenuation
is 0.017 dB/km, obtained from the radar manual dataset adapted to the polarimetric
technique [50,51]. The radar reflectivity range used per location is 0–50 dBZ. We used
three approaches: previous literature, a rain detection approach, and manual radar dataset
information [52,53].

To ensure accuracy and consistency in rainfall detection, we select data that show
agreement between the two sources, namely when the radar detects rain and is recorded
on the rain gauge and when both do not. If there is a difference in detection between the
two sources, we do not use the data. This approach ensures that only data that consistently
show the presence or absence of rain are included, thereby increasing the reliability and
validity of our research results.

2.2. Pre-Processing

The weather radar data used in this study were column maximum (CMAX) reflectivity
data. CMAX is a weather radar product that represents the maximum reflectivity value at a
given location. The CMAX product takes a set polar volume, converts it into a Cartesian
volume, and displays the maximum value for each vertical column. Physically, CMAX
represents the maximum possible rainfall in a space. Meteorologists can see the worst-case
scenario overall by using the CMAX product instead of comparing several two-dimensional
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images from multiple layers and three-dimensional products. It helps in the observation of
high-intensity rainfall from convective clouds, which often occur in Indonesia [54]. Several
studies in Indonesia show that the use of CMAX produces a more representative product
in estimating rainfall [22,55].

The data are provided in the form of a volumetric (.vol) file. In general, weather
radar data are stored in the polar coordinate structure of the radar sweep, as shown
in Figure 2, while meteorological spatial data processing is carried out in a Cartesian
coordinate structure using longitude and latitude coordinates.
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Figure 2. Schematic of radar data observation and structure in polar coordinates. The parameter H is
the height above ground level, φ is the vertical sweep angle of the radar, r is the radar target radius,
and θ is the polar angle (azimuth). Modified from [56].

Both data types were converted into the network common data form (NetCDF) format.
The Python-based open-source wradlib version 1.19 software was used to process the
weather radar data. These data contain time information, coordinates, and CMAX reflec-
tivity data variable values. The method for obtaining the data was applied by first setting
the target coordinates. Then, pixel alignment of the radar image was performed at the
coordinates using four pixels of the nearest 2 × 2 pixel size through bilinear interpolation,
which can provide a relatively smoother image output value. Bilinear interpolation is an
extension of linear interpolation involving two variables. The bilinear interpolation process
works linearly in one direction and then another [57,58]. The interpolation result in this
pre-processing process is the radar reflectivity data at the tipping bucket coordinates.

2.3. Gradient Boosting Algorithm

As highlighted in the contributions of this research, we aimed to build a rainfall
estimation model. Rainfall estimation is modelled as a supervised learning problem, where
the target is rainfall data from tipping bucket rain gauge measurements in terms of hours.
The method tests the accuracy of estimates generated from training radar data in all study
areas. The resulting model is then applied to each study area. We named it the Global
Model because it is built from all datasets in all of six study regions. The results are
compared with the model for each rain pattern area. We named it the Local Model. Both
models are built using the Gradient Boosting algorithm.

In general, BMKG uses the Z–R Marshall-Palmer equation (MP, Z = 200R1.6) to convert
radar reflectivity data (Z) into rainfall (R) in stratiform rain. For convective rain in tropical
regions, the Rosenfeld equation (Z = 250R1.2) is used. We also develop a new empirical
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relationship Z–R (Z = ARb) by adjusting the constants A and b based on the study region.
Therefore, we compared the GB Model with these three statistical equations [13].

The complete workflow is shown in Figure 3. In this study, we propose to randomly
divide the original data set into training (70%) and test (30%) data sets [59]. The training al-
gorithms were then utilised on the training data set. The model confidence was determined
according to the score on the test data set using the coefficient of determination method
(R2). R2 indicates the correlation between the target values and values predicted by the
model; the closer R2 is to 1.0, the closer the predictions are to the target values. New models
were re-trained until a satisfactory level of confidence was achieved with the algorithm
parameters, and split sizes were adjusted accordingly.
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Figure 3. Data sets in six regions representing monsoon, equatorial, and local rainfall patterns were
trained using the GB algorithm to obtain an estimation model. The estimation model is saved and
implemented in each research area through testing of the predicted tipping bucket measurement
values. In addition, comparisons were made with local models that had been previously built in
the area.

This research focuses on implementing models with tuned hyperparameters. GB has
several hyperparameters that must be tuned to obtain optimal model accuracy. The GB
hyperparameters include Maximum Depth (MD), Learning Rate (LR), and Number of
Trees (NOT). Hyperparameter tuning can be performed manually, through testing several
combinations of hyperparameters on pre-determined parameters. These combinations are
tested one after another in order to produce the best combination, indicated by the lowest
error value [60].

Determining the MD parameter will set the maximum depth in each tree. The lowest
limit of the MD is 1 [61], while the maximum allowable depth is 3 [62]; therefore, the MD
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was adjusted with the variations 1, 2, and 3. Determining the MD is intended to prevent
overfitting [63].

LR is a parameter that determines the step size of each update during training. The
function of the LR is to change the gradient value using a scalar function [64]. The LR in
GB can shrink the contribution of each new tree added to the series. The LR value ranges
from 0 to 1 [65]. The LR parameter was tuned with values of 0.1, 0.3, and 0.7. Given the
same number of trees, the greater the LR, the faster the minimum loss function or error for
each sample is achieved, but it has the potential to have an overfitting effect.

The number of trees in the GB algorithm is expressed by the NOT hyperparameter.
The higher the NOT, the better the ability to study data. However, adding many trees can
slow down the training process. Thus, the magnitude of the NOT was adjusted with the
values of 50, 100, and 150 [62].

3. Results and Discussion
3.1. Data and Correlation

The model was built using tipping bucket observation data and weather radar reflec-
tivity data at six locations. Each location had different data characteristics. Even though
the study period was the same, after the filtering process, different amounts of training
data were obtained. Data filtering was carried out to eliminate missing data; however, this
has the potential to cause data imbalances, especially with the differences in the amount
of data for each region. The number of data samples after filtering was 15,146, with a
distribution of 4856 data samples in Bandar Lampung, 1940 data samples in Banjarmasin,
2233 data samples in Biak, 1268 data samples in Gorontalo, 919 data samples in Pontianak,
and 3930 data samples in Deli Serdang. For the training data process, we adopted a random
undersampling strategy [66] to avoid the problem of data imbalance in several locations.
Therefore, the data for each location is 919 data samples with the total data for all locations
being 5514 data samples.

The data plotting results shown in Figure 4 indicate that the reflectivity values of the
weather radar at the tipping bucket coordinates did not have a strong correlation with
the tipping bucket measurement values. For several reasons, radar and rain gauge quan-
titative measurements of precipitation can differ [67]; for example, the estimated rainfall
measured by the weather radar may be rainfall that has not yet reached the ground’s
surface and is often far from the radar. The direction of wind movement could also
affect the area of rainfall [68–70]. The product of the vertical reflectivity of the radar
showed significant variability due to the growth of precipitation, evaporation, and the
influence of the wind. These variations can result in a large difference between the esti-
mated radar rainfall at a certain altitude and that which falls on the ground [71]. Another
effect was the high spatial variability of rainfall coverage. The size of the rain gauge
capture was only about 20 cm—much smaller than the radar pixel resolution of around
400 m2 [72,73]. The data plot indicates the underestimation of rainfall, possibly caused by
ground clutter and anomalous propagation echoes [74]. In addition, tipping bucket rain
gauges may increasingly underestimate rainfall when either the wind speed or precipitation
intensity is high [75]. Previous research regarding the sampling interval of radar data has
indicated an error in rainfall estimation with a sampling interval of 5–10 min. The effect
of radar scanning time also cannot be ignored; therefore, it was necessary to design an
appropriate radar scanning strategy [76]. Furthermore, the distance difference between the
weather radar and the rain gauge did not correlate with the measurement results of the
two instruments; therefore, the distance function of the rain gauge from the location of the
weather radar could not characterise the differences in the measurement results between
the two instruments.
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3.2. Application of the Gradient Boosting Models

Evaluation of the tuning hyperparameters played an important role in implementing
the GB model. It was necessary to obtain the best hyperparameter values to apply in the
GB model. The evaluation index used for hyperparameter tuning was the root mean square
error (RMSE). Figure 5 describes the GB model hyperparameter tuning results for all study
areas. When the LR, MD, and NOT took values of 0.7, 3, and 150, respectively, the best
model accuracy for the Lampung, Biak, Deli Serdang, and Pontianak regions was observed.
The best tuning for the Banjarmasin area was when the LR, MD, and NOT were set as 0.7,
2, and 50. Meanwhile, the best effect was obtained for the Gorontalo region when the LR,
MD, and NOT values were 0.7, 3, and 50, respectively.
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tuning in the form of Learning Rate (LR), Maximum Depth (MD), and Number of Trees (NOT) in the
global model for each region.

Using a small LR is recommended to produce a good model and avoid overestima-
tion [54]. However, a small LR must be balanced with a large NOT to achieve the best
estimate. As the maximum NOT in this study was limited to 150 and considering the need
for faster processing times, the best LR was 0.7 for all locations. The MD value, which was
relatively accurate for all regions, was tuned to 3. Based on the hyperparameter tuning
evaluation results, it was determined that the LR, MD, and NOT to be implemented in the
global model were 0.7, 3, and 150, respectively.

During the study period, the measured rainfall in the Bandar Lampung region was
0.6–36 mm/h. The estimation results for the GB model in the Bandar Lampung region had
a very strong correlation with the tipping bucket rain gauge measurement value. The global
model also correlated fairly strongly with the tipping bucket rain gauge measurement value
of 0.92. The GB estimation model had good accuracy when it rained with high intensity.
When the tipping rain gauge registered 36 mm/h, the value estimated by the global model
was 34.9 mm/h. Meanwhile, the local model at Bandar Lampung obtained a better estimate
of 35.9 mm/h.
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Several rain events measured with a rain gauge were recorded in the Banjarmasin
region, with rainfall of 0.1–50.9 mm/h. The estimated rainfall using the global model and
the local model strongly correlated with the tipping bucket rain gauge measuring values,
each at 0.96 and 0.99. With strong correlation, the global model could be accurately applied
to the Bandar Lampung and Banjarmasin regions, which have monsoon rain patterns.

Based on the tipping bucket rain gauge data and weather radar in the Biak re-
gion from December 2021 to February 2022, 179 rain data samples were recorded with
0.6–38.2 mm/h of rainfall. Overall, the correlation value of the local model in Biak with the
tipping bucket rain gauge measurement value was 0.88; this was better than the correlation
value of the global model with the tipping bucket rain gauge measurement value of 0.79.
As for the regions with the same rain pattern, the estimation results of the local model in the
Gorontalo region also had a correlation with the tipping bucket rain gauge measurement
value that was not strong; however, the model could still be applied to the regions with
local rain patterns.

The local model in the Pontianak region had an excellent correlation with the tipping
bucket rain gauge measurement value (of 0.96); meanwhile, the correlation of the global
model with the tipping bucket rain gauge measurement value was 0.89. In the Deli Serdang
region, the correlation values of the two estimation models were good with respect to the
tipping bucket measurement values, at 0.96 and 0.90, respectively. The evaluation results
showed that the global model could be applied to areas with equatorial rain patterns.

Comparisons of observed rainfall data, global model estimates, and local model
estimates are shown in Figure 6.

The results of the evaluation of the model are illustrated in Figure 7 and summarised
in Table 1. In general, the estimation results of the global model could be applied to the
six locations, representing three regions with monsoon, local, and equatorial rain patterns.
Given the variability of different patterns and rainfall, the global model could accurately
estimate rainfall. Interestingly, when applied to areas with local rainfall patterns, the global
model had a lower correlation and higher error values when compared with regions with
equatorial and seasonal rainfall patterns.
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Figure 6. Observed rainfall data, global model estimates, and local model estimates for (a) Lampung,
(b) Banjarmasin, (c) Biak, (d) Gorontalo, (e) Pontianak, and (f) Deli Serdang. The x-axis is a sample of
rain events; we used 35 samples of rain events in each location. The y-axis is the normalised value of
rainfall intensity.

Regions with local rainfall patterns have greater rainfall data complexity than other
regions, as rain caused by convective clouds dominates in such areas. The appearance of
convective clouds is influenced by local conditions—namely, the presence of oceans and
waterscapes—which result in intensive local heating [77]. Convective rain clouds can be
characterised as rain clouds that rise extremely high and have large enough water droplets
to produce rainfall of more than 10 mm/h [78]. Convective rain occurs in limited periods
and usually covers a small area or is localised [79,80]. This rain pattern generally leads
to high levels of rainfall [81]. Strong winds accompany it. and so the estimated rainfall
using weather radar generally provides unfavourable results in the case of convective
clouds [82,83], leading to significant differences between rain gauge measurements and
radar image estimates [84,85]. The complexity and size of the training data can also affect
the estimation results of a model using GB [86].

We also see a significant comparison of rainfall estimation results using the Gradient
Boosting algorithm compared to the Z–R equation. Gradient Boosting is superior due to
its ability to capture the non-linear relationship and complex interactions between radar
reflectivity and precipitation rate by minimizing the loss function by dynamically adjusting
the model based on the prediction error gradient. Meanwhile, the Z–R equation relies
on a simple linear relationship with empirical constants often inconsistent across various
weather conditions.
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Table 1. Evaluation of the implementation of the gradient boosting model in the Bandar Lampung,
Banjarmasin, Biak, Gorontalo, Pontianak, and Deli Serdang regions.

Regions Model RMSE
(mm/h) R2

Lampung

Global model 0.456 0.92
Local model 0.307 0.97

Marshall-Palmer (Z = 200R1.6) 1.207 0.55
Rosenfeld (Z = 250R1.2) 1.213 0.60
New Z–R (Z = 97.6R11.9) 1.189 0.55

Banjarmasin

Global model 0.778 0.96
Local model 0.496 0.99

Marshall-Palmer (Z = 200R1.6) 1.712 0.69
Rosenfeld (Z = 250R1.2) 2.173 0.62
New Z–R (Z = 18.8R1.3) 1.571 0.70

Biak

Global model 1.339 0.79
Local model 1.097 0.88

Marshall-Palmer (Z = 200R1.6) 1.478 0.65
Rosenfeld (Z = 250R1.2) 1.418 0.57
New Z–R (Z = 6.9R2.0) 1.438 0.66
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Table 1. Cont.

Regions Model RMSE
(mm/h) R2

Gorontalo

Global model 0.833 0.82
Local model 0.686 0.88

Marshall-Palmer (Z = 200R1.6) 0.905 0.61
Rosenfeld (Z = 250R1.2) 0.861 0.66
New Z–R (Z = 3.4R3.0) 0.859 0.67

Pontianak

Global model 1.520 0.89
Local model 0.920 0.96

Marshall-Palmer (Z = 200R1.6) 1.647 0.67
Rosenfeld (Z = 250R1.2) 1.649 0.66
New Z–R (Z = 1.94R2.1) 1.618 0.67

Deli Serdang

Global model 0.552 0.90
Local model 0.474 0.96

Marshall-Palmer (Z = 200R1.6) 1.530 0.75
Rosenfeld (Z = 250R1.2) 1.820 0.68
New Z–R (Z = 6.7R1.9) 1.848 0.76

Furthermore, a model test was carried out without using local rain training data, in
order to determine the effect of data complexity in local rainfall pattern areas on the GB
global model. The global model without local rain training data was compared with the
global model without monsoon training data and the global model without equatorial rain
training data. To determine the effect of the amount of training data, the global model
without training data in one of the rain pattern regions was compared with the global model
which used all the training data. As a result, the global model without local rain training
data had a better correlation than the global model without monsoon training data and the
global model without equatorial rain training data. This meant that local rainfall data had
the most significant impact on the accuracy of the global model estimates. However, the
global model which used all the training data produced the strongest correlations. This
indicates that the global model produced better rainfall estimates with more training data.
Table 2 compares the global model estimation results based on the training data.

Table 2. Comparison of global model estimation results based on training data used.

Training Data Used
Global Model Estimation Results

RMSE
(mm/h) R2

All training data 0.944 0.95
Excluding local rain pattern data 1.089 0.91

Excluding equatorial rain pattern data 1.125 0.89
Excluding monsoon rain pattern data 1.163 0.88

The differences in distance and elevation of the tipping bucket rain gauge and weather
radar resulted in differences in rain measurements detected by weather radar in the
six areas; however, they did not significantly affect the estimation results of the GB global
model. In addition, the imbalance and randomness of the input data were also not a
problem for the model.

4. Conclusions

In this study, we implemented and analysed an ensemble machine learning algorithm,
GB, to estimate rainfall based on weather radar reflectivity data. The research areas
included ZOM and non-ZOM areas characterised by monsoon, equatorial, and local rainfall
patterns. The training data included data from all research regions, and the estimation
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model trained on these data was applied to each research area. Hyperparameter tuning
was performed first, in order to obtain the best estimation results. With regard to tuning
the hyperparameters, a lower LR does not mean that the accuracy results will be better, as
seen from the optimal LR of 0.7. Meanwhile, a higher MD and NOT values tend to produce
better estimates.

Based on the research results, the global model can estimate rainfall accurately in
regions characterised by monsoon, local, and equatorial rainfall patterns. The effect of data
complexity on model accuracy in regions with local rainfall patterns was also analysed.
Model tests without local rainfall training data show that local rainfall data have the most
significant impact on the accuracy of global model estimates. Another conclusion is that
the Gradient Boosting algorithm consistently provides more accurate and reliable rainfall
estimates compared to the traditional Z–R equation in various regions. The GB algorithm
ensemble learning method is optimal for dealing with complex data, such as unbalanced
and uncorrelated variables. In addition, the GB algorithm can handle significant and
long-term historical data, primarily spatial and temporal data. Further research must be
conducted regarding the effect of the amount of training data on model accuracy.
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