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Abstract: The inhabitants of the native communities of northern Peru do not 

have drinking water systems, generating serious health impacts. In this sense, 

rainwater harvesting systems have become an alternative for these areas. 

Therefore, the objective of this study was to predict the physicochemical 

parameters in a rainwater collection and treatment system, modeled by means 

of a novel “Yahtun” algorithm. The physicochemical quality data for the 

modeling were obtained from the PROLLUVIA project, executed during 

2019 and 2020. With respect to the goodness of fit of the proposed model, 

the Mean Absolute Error (MAE), Mean Squared Error (MSE) and Mean 

Absolute Percentage Error (MAPE) metrics were used. For the increase of 

the data obtained, as well as for the generation of a regression model, data 

imputation techniques and an ensemble model were used for data prediction. 

The high-level programming language Python was used for the analysis and 

modeling. The results indicate that the Yahtun model is efficient for the 

prediction of water quality in the context of native communities, according 

to the MAE metrics was 84.16%, MSE was 86.21% and ASM was 83.63%. 

In this sense, it is important to apply data imputation techniques in order to 

estimate future predictions in the context of native communities. 
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Introduction 

Water quality plays an important role in human health, 

however, in developing countries, the quality of drinking 

water is not adequate (Li and Wu, 2019) and can be 

reflected in the degree of contamination which is a 

worrying factor for humanity (Abdel-satar et al., 2017). 

Water quality can be altered by different sources, such as 

factories, mining activities (heavy metals), food 

processing waste, agricultural runoff, animal waste, 

disposal of personal care products, and household 

chemicals (Rojas et al., 2020). 

In rural areas of Peru, 28.1% of people in rural areas do 

not have access to water by a public network, of which 

16.9% access rivers, irrigation ditches, or spring water (INEI, 

2018), this allows evaluating the search for new sources 

of supply (Gastañaga, 2018) such as rainwater that could 

be used for domestic purposes with minimal treatment 

(Adeyeye et al., 2020; Roblero et al., 2019). Rainwater 

can be used for human consumption, as long as it meets 

basic conditions in terms of physicochemical and 

microbiological parameters (Díaz Ortiz and Medina 

Tafur, 2021: MINSA, 2010). 
In this sense, it is important to evaluate 

physicochemical parameters such as pH and turbidity, 

since inorganic particles are eliminated at 

approximately neutral pH values (LeChevallier et al., 

1981; Naceradska et al., 2019), also pH plays a 

regulatory role in the chlorination and chlorination 

kinetics for ionizable toxic organic compounds in water 
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(Ge et al., 2006). On the other hand, aluminum is 

important to estimate because it may be associated with 

diseases such as Alzheimer's disease (Gauthier et al., 

2000), other studies mention that exposure to high levels 

of aluminum can cause problems to the musculoskeletal 

system and kidneys (Rahimzadeh et al., 2022). 

Consequently, traditional monitoring techniques exist 

and have demonstrated delayed results, labor-intensive 

processes and lack of real-time data (Satyanarayana 

Murthy and Ahamed, 2023). In addition, the small amount 

of data is a constraint for decision making, especially if 

native communities are involved and costly logistics are 

required to conduct water quality monitoring. 

Therefore, in the scientific literature, the use of 

synthetic data has been suggested as an alternative to data 

transformation, as these are artificially created to preserve 

the statistical characteristics of the original data so that 

they exhibit a distribution and correlational structure 

similar to that of the original data. 

These synthetic data have significant potential where 

real data sets may not be available. However, data 

generation will depend on the area of study, such as 

synthetic medical data faces unique challenges due to the 

inherent complexity and longitudinal nature of the data 

(Murtaza et al., 2023). Researchers are exploring various 

methods to generate realistic synthetic data and have 

proposed multiple quality assessment metrics to evaluate 

their suitability as a surrogate for real data. 

There are several ways to generate synthetic data. A 

common method to generate new samples is the Synthetic 

Minority Oversampling Technique (SMOTE) algorithm 

and its variations, which generates new data by 

interpolating the available originals. Other common 

generative models are Generative Adversarial Networks 

(GAN) and Variational Automatic Encoders (VAE) 

(Espinosa and Figueira, 2023). 

However, to ensure that these synthetic data are useful 

and do not just add noise to our real data set, it is important 

to verify and assess whether they are representative of the 

real sample. Therefore, we need objective tools to 

compare the synthetic data with the real data and then 

evaluate the differences (Arjovsky et al., 2017). 

To determine the efficiency of the proposed Yathun 

framework, as well as when more than one forecasting 

technique is to be compared, forecast accuracy measures 

can also be used to discriminate between competing 

models (Chicco et al., 2021; Tanwar and Kakkar, 2017). 

Therefore, the following metrics were used: Mean 

Absolute Error (MAE), Mean Squared Error (MSE), and 

Mean Absolute Percentage Error (MAPE). In this sense, 

this study will serve to identify trends and predict 

physicochemical parameters (pH, turbidity, and 

aluminum) in the quality of rainwater and this research is 

one of the pioneers in Amazonas to address the problem 

of water pollution and provide rapid attention in order to 

improve the health problems of the Awajún population. 

Based on the above, the objective of this project was 

to forecast the physicochemical parameters in a rainwater 

collection and treatment system installed in two native 

communities, modeled using the Yahtun algorithm. 

Materials and Methods 

Location 

The study is located in two native communities, 

inhabited by the Awajún peoples (Tunants and 

Yahuahua), district of Nieva, province of Condorcanqui 

in the northern jungle of Peru, at an altitude of 196 masl, 

average temperature of 26°C and average annual rainfall 

of 3,121 mm (García, 2010). The data used to forecast the 

physicochemical parameters was obtained from the 

PROLLUVIA project executed during 2019 and 2020, 

which consisted of the construction and installation of 4 

rainwater harvesting systems according to the coordinates 

shown in Table (1). 

The installation was carried out ensuring that it 

complied with the minimum conditions of area (place and 

area of the systems) and number of users. The 

construction consisted of iron, cement and pipes (PVC) 

Fig. (1). The supporting structure of the tank was built 

with a mixture of concrete and cement, reinforced with 

corrugated steel (Morales Rojas et al., 2021). 

 

Table 1: Coordinates of rainwater harvesting systems in 

native communities 

Catchment systems E coordinate Coordinate N 

System 1 830543 9481810 

System 2 830880 9481944 

System 3 832070 9482801 

System 4 167331 9482999 

Source: Prolluvia Project (contract no. 185-2018-FONDECYT-

MB-IADT-SE) 

 

 

 

Fig. 1: Rainwater harvesting systems; (a) site selection; (b) water 

harvesting system installed; Source: Prolluvia Project 

(contract no. 185-2018-FONDECYT-MB-IADT-SE) 
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Characterization was during the rainy season 

(December 2019 and January and February 2020) and 

two months of the dry season (September and October 

2020). Sample collection, storage, and transfer, as well 

as laboratory analysis, were performed in accordance 

with APHA, AWWA, and WEF (Gilcreas, 1967). The 

pH analysis was in situ, with a Hanna multiparametric 

water meter model HI 98194, while turbidity and 

aluminum were analyzed at the Water and Soil Laboratory 

of the Research Institute for Sustainable Development of 

Ceja de Selva (INDES-CES) of the National University 

Toribio Rodríguez de Mendoza (UNTRM). 

Comparison of Values with National Standards 

The results of the rainwater characterization were 

compared with Supreme Decree No. 031-2010-SA 

(MINSA, 2010) Table (2). 

Yahtun Framework Forecasting of Physical-

Chemical Parameters 

The Mean Absolute Error (MAE), Mean Squared Error, 

(MSE) and Mean Absolute Percentage Error (MAPE) 

metrics (Chatterjee and Byun, 2023; Tatachar, 2021)were 

used to determine the goodness of the proposed model, as 

well as the comparison with the reference model (Table 3). 
The Yahtun framework was used to increase the data 

obtained, as well as to generate a regression model for the 

analysis of rainwater in native communities in northern 

Peru. The Yathun framework basically consists of data 

imputation techniques, synthetic data generation from 

random noise, and an ensemble model to perform data 

prediction (Fig. 2). This was analyzed from the original 

data (pH, Turbidity, and Aluminum) in order to discover 

if there are missing data. If this is the case, the Knn 

imputation technique is applied to complete the data. 

Subsequently, the data is separated into two groups: 50% 

for training and 50% for test. From the 50% training data, 

we proceeded to generate synthetic data using noise 

generation, with a low threshold to maintain the 

variability of the original data. A quantity of data equal to 

the training data was synthesized. To determine the 

quality of the generated data, an ensemble method was 

used: XGBoost for data regression. 

The final results obtained with the synthetic data were 

compared with the original 50% of data separated for the 

Test in the first stage, to determine the efficiency of the 

system. We took as metrics the MAE, MSE and MAPE, 

which are metrics related to the error of the system. 
 
Table 2: Water quality parameters according to Supreme 

Decree No. 031-2010-SA 

Parameters Unit Maximum allowable limit 

pH - 6,5 - 8,5 

Turbidity UNT 5 

Aluminum mg Al L-1 0,2 

Table 3: Metrics used in Yahtun framework forecasting 

Metrics Equation 

Mean 

Absolute 

Error (MAE) 

𝑀𝐴𝐸 =
1

𝑚
∑|𝑋𝑖 − 𝑌𝑖|

𝑚

𝑖=1

 

Con Xi is the predicted ith value and the 

Yi element is the actual ith value. 

Mean Squared 

Error (MSE) 𝑀𝑆𝐸 =
1

𝑚
∑(𝑋𝑖 − 𝑌𝑖)

2

𝑚

𝑖=1

 

 

Mean 

Absolute 

Percentage 

Error (MAPE) 

𝑀𝐴𝑃𝐸 =
1

𝑚
∑|

𝑌𝑖 − 𝑋𝑖
𝑌𝑖

|

𝑚

𝑖=1

 

 

 

 
Fig. 2: Flow diagram of the Yahtun model 
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Data Analysis and Modeling 

A computer with an Intel (R) Core (TM) i5-7200U 

processor, 24 GB RAM, and Windows 10 operating 

system was used for the data analysis. For the analysis and 

modeling, the high-level programming language Python 

was used with the following libraries: Pandas, seaborn, 

sklearn, numpy, and XGBoost. 

Results and Discussion 

Figure (3) presents the amount of missing data in the 

original data set. Where the variable “pH” was considered as 

the dependent variable, while the independent variables 

were: “Turbidity (UNT)” and “Aluminum”. It was observed 

that there is 20% of missing data for the independent 

variables, therefore, Knn was applied as an imputation 

technique to complete the missing data. In water quality 

studies, data imputation is important because it will help to 

complete missing data that are not sampled due to economic 

issues and accessibility are not sampled, this will help 

decision-makers to formulate appropriate management 

strategies (Ratolojanahary et al., 2019; Rodríguez et al., 

2021), in water quality, meteorology and water quantity 

(Pastorini et al., 2024). In addition, these results will be 

useful for adequate management, framed in the transfer 

of emerging technologies that will provide updated data 

for decision-making in native communities 

(Leutenegger et al., 2024). 

Figure (4) shows the distribution of incomplete data 

over time. This representation is useful to identify the time 

periods where data are missing. In addition, it is positively 

observed that missing data occur at different time points 

for both variables that have incomplete data, as this 

suggests a lack of systematic bias in the absence of data. 

Figure (5a) shows a boxplot graph, which allows 

visualizing the distribution of the data. Mainly, this type 

of graph helps to identify possible outliers through the 

analysis of quartiles. In that sense, the presence of an 

outlier in the variable “pH” is evident, which is located 

near the value 1. 
 

 
 
Fig. 3: Missing data for the variables under study 

This outlier affects the normal distribution of the data. 

Therefore, it is necessary to eliminate these outliers so that 

the model can work correctly and make more accurate 

predictions with a lower error. This process was also 

performed for the other two variables (Turbidity and 

Aluminum). Figure (5b), shows the results generated after 

removing the outliers, where it exhibits a normal 

distribution, suggesting a more accurate capture of the 

patterns for prediction (Roy, 2003). 

 

 
 
Fig. 4: Distribution of data over time 

 

 
(a) 

 

 
     (b) 

 
Fig. 5: Boxplot of original data (a); Boxplot of processed data (b) 
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Table 3: Descriptive statistics of the variables under study 

 Parameters Count MPL* Mean Std Min 25% 50% 75% Max 

pH 38 6.5 an 8.5 6.878684 0.220934 6.380000 6.695000 6.860000 6.985000 7.350000 

Turbidity 30 5 4.267667 15.637354 0.500000 1.025000 1.400000 1.800000 87.000000 

Aluminum 30 0.2 0.295067 0.437833 0.000000 0.135000 0.205000 0.266750 2.280000 

*LMP (D.S. N° 031-2010-SA).

Table (3), shows the behavior of rainwater 

parameters, where pH and turbidity comply with 

Peruvian regulations, however, aluminum is above the 

standard. In that sense, aluminum in rainwater should be 

addressed as it is a heavy metal directly exposed to 

human health and can cause lung and bladder cancer 

(Fathi et al., 2022). Therefore, accurate prediction of 

water quality will help in proper water management with 

the aim of keeping pollution within permissible limits 

(Najah et al., 2013). 

For the simulations of the two models, i.e., the base 

model XGBoost and the proposed Framework Yathun, the 

same conditions were established for the training and test 

processes. In this sense, it is evident that the Yathun 

framework model is the most optimal, unlike the base 

model “XGboost” (Table 4). 

Figure (6) evidences a percentage improvement 

(decrease in error) for MAE of 84.16%, for MSE of 

86.21%, and finally for MAPE of 83.63%, reflecting the 

remarkable performance of the developed model (Yathun). 

These metrics are widely used to measure the accuracy of 

models (Khullar and Singh, 2022). The models can be 

categorized as excellent prediction ( MAPE ≤10% ), good 

prediction (10%< MAPE ≤20%), acceptable prediction 

(20%< MAPE ≤50% ), and inaccurate prediction (50%< 

MAPE) (Lewis, 1982). The limitations of the work focus 

mainly on the number of parameters trained, therefore, 

future work is needed that focuses on the prediction of 

heavy metals in the main surface sources of water for 

human consumption that are contaminated by 

anthropogenic activities, such as informal mining. 

 

 
 
Fig. 6: Comparison of Yahtun model metrics with the base model 

Table 4: Results of models: Base and Yahtun 

Metrics Base Model Yahtun 

MAE 0.793145 0.12563864 

MSE 1.385142 0.19102854 

MAPE 11.4148657 1.86841482 
 

Conclusion 

It is evident that the imputation technique to complete 

the missing data is important to estimate prediction 

models in rainwater quality, in that sense it was evidenced 

that the new proposed model "Yahtun" showed good 

efficiency reaching the MAE of 84.16% the MSE was 

86.21% and MAPE of 83.63% being solid results and can 

be used to verify the water quality in native communities 

and avoid high logistical costs. 

Our current results are promising and future work will 

address a greater number of physicochemical parameters 

such as lead, cadmium, and mercury, taking into account 

that native communities do not have access to basic 

sanitation. In these communities, water contamination by 

heavy metals constitutes a serious public health problem, 

due to the food trophic chain and its final arrival to 

humans, which can cause chronic intoxication. 

Finally, these results are of great importance for local 

governments, researchers and policy makers to make the 

right decisions at the right time. 
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