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Abstract: Machine learning models for water quality prediction often encounter challenges due to 

incomplete datasets resulting from issues such as sensor failures or data transmission errors. However, 

XGBoost can learn from incomplete data and make predictions even when some input values are 

missing, without requiring any manual intervention by the user. This offers a considerable advantage 

over other models that require complete datasets. To test this capability, we utilized XGBoost to 

forecast salinity levels in the Chao Phraya River, Thailand, based on investigating forecasts at lead 

times of 24 and 48 hours, using four predictors: the water levels from three stations and the salinity 

level. The tested model demonstrated high predictive performance across both complete and 

incomplete subsets of the data. Where the complete input dataset was available, our XGBoost model 

outperformed the single-level ANN model and was comparable to the multilevel ANN model. 

Additionally, we enhanced XGBoost’s ability to forecast under incomplete data conditions by utilizing 

both real and synthetic datasets. The synthetic dataset was generated by removing 1–3 predictor 

variables from the complete dataset. Based on the results, incorporating synthetic data into the training 

dataset substantially enhanced the model's robustness against missing data. Notably, training with 

synthetic data that excluded one variable at a time was sufficient for accurate predictions. These results 

underscore XGBoost’s practicality and reliability for real-world water quality forecasting, particularly 

under conditions of data scarcity. 
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1. Introduction  

Saltwater intrusion into the Chao Phraya River, Thailand, poses major challenges, especially 

affecting freshwater availability and quality for agriculture, drinking water, and industry in central 

Thailand, including the Bangkok metropolitan area [1,2]. This intrusion is primarily driven by seasonal 

drought, reduced river discharge, tidal fluctuations, and sea-level oscillations, resulting in higher 

salinity levels, particularly during the dry season [1–3]. Changklom et al. (2022) developed machine 

learning-based models that have been used to forecast and manage this phenomenon [1]. They utilized 

multiple linear regression and artificial neural network (ANN) modeling to forecast salinity. Both 

models were divided into two approaches: a single-level model designed to forecast salinity in all 

situations and a multilevel model combining sub-models tailored to specific upstream water levels. 

Among these options, the multilevel ANN approach was the most accurate, with performance 

remaining reasonably acceptable up to the 48-hour forecast horizon [1]. However, such forecasting 

systems face practical challenges, including technical issues related to monitoring stations, such as 

sensor malfunctions, data transmission failures, or power supply losses, which result in incomplete 

input datasets for the forecasting model and, in turn, sometimes lead to its complete failure [4]. 

Studies on forecasting model development frequently overlook or minimally address this 

important issue of incomplete data [5,6]. Typically, studies have excluded incomplete records and 

focused only on evaluating predictive accuracy based on complete datasets [7]. While several research 

efforts have aimed to manage missing data, most have concentrated on imputing data before model 

development rather than directly addressing data gaps that arise during the operational forecasting 

phase [8–10].  

Nevertheless, some studies have specifically attempted to solve missing data problems occurring 

during forecasting. For example, Matusowsky et al. [11] used machine learning-based virtual sensors 

to replace missing sensor values, ensuring system integrity even when physical sensors fail. Chen et 

al. [12] extracted helpful information from incomplete data samples and transferred these learned 

features to structurally complete datasets, thus enhancing fault diagnosis accuracy. Kaveh et al. [13] 

integrated robust preprocessing with the model in remote sensing applications, significantly improving 

the handling of missing data. Mena et al. [14] proposed innovative ensemble methods and sensor 

dropout techniques to increase the robustness of model predictions to maintain accuracy despite the 

absence of sensor input. Lastly, Kaya et al. [15] applied Single Plurality Voting System classifiers to 

improve robustness by aggregating predictions from multiple classifiers, maintaining high prediction 

accuracy even with multiple sensor failures. 

However, each approach from the studies above is often complex and difficult to implement, 

requiring advanced technical expertise, extensive computational resources, or customized architectures 

that may limit their widespread application in real-time forecasting systems. In contrast, at present, 

there is a machine learning model called XGBoost (eXtreme Gradient Boosting) that can handle 

missing data challenges automatically, requiring no additional preprocessing or manual 

intervention [16]. Its algorithm assigns a default direction for tree branching when a missing input 

value is encountered during the training phase [17]. 

However, decision tree-based models, such as XGBoost, are often overlooked in time-series 

forecasting because they lack a built-in mechanism to capture sequential dependencies explicitly [18]. 

Often, most researchers use sequence-based architecture that aligns naturally with time-series data, 

particularly those in the recurrent neural network (RNN)-based models, with long short-term memory 

networks being among the most widely adopted [19,20]. Yet, RNNs cannot inherently handle missing 
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data, which poses a major challenge when deployed in real-world forecasting systems [21–23]. 

XGBoost is not only capable of forecasting under incomplete data conditions but also outperforms 

many other machine learning models in various aspects, such as computational efficiency, scalability, 

regularization capabilities, and prediction accuracy, making it highly suitable for practical forecasting 

applications [17]. In 2015, its effectiveness was evident on Kaggle, a leading platform for data science 

competitions, where 17 out of the 29 winning solutions featured XGBoost. Additionally, all the top 10 

teams in KDDCup 2015 used XGBoost, highlighting its superior performance [24]. 

Some studies have attempted to apply XGBoost for water quality forecasting, such as Makumbura 

et al. [25], who combined it with a feature explanation method for forecasting water quality indices. 

Al Saleem et al. [26] applied XGBoost to predict wastewater treatment features under varying weather 

conditions, surpassing traditional models. Ahmed et al. [27] optimized XGBoost with metaheuristic 

techniques for dye degradation prediction, achieving 98.99% accuracy. However, none of these studies 

applied XGBoost to water quality forecasting while simultaneously addressing the issue of missing 

data. 

Therefore, the current study aimed to test XGBoost by applying it to salinity forecasting in the 

Chao Phraya River, Thailand. The forecasting results from XGBoost using complete input data were 

compared to the single-level and multilevel ANN models developed by Changklom et al. (2022). In 

addition, the current study examined how well XGBoost could forecast when the input dataset was 

incomplete and explored practical strategies for handling missing data to improve XGBoost’s 
performance under such conditions. 

2. Materials and methods 

2.1. Study site and data collection 

The forecast evaluation utilized data from the Samlae Raw Water Pumping Station (S1) water 

quality monitoring station on the Chao Phraya River. This facility is critical in the region’s water supply 

system, as it pumps raw water from the Chao Phraya River to produce tap water [1,28]. Accurate 

forecasting at this location is essential for effective water resource management and to ensure the safety 

and reliability of the municipal water supply [1]. 

The dataset used to build the forecasting model was the same as that used in the research 

conducted by Changklom et al. (2022), allowing for a direct comparison of model performance under 

consistent data conditions. The dataset contained salinity data from the Metropolitan Waterworks 

Authority (MWA) at S1 (the target for prediction), water level data from the Inburi (CPY006) and Tha 

Ruea (PAS009) stations, provided by the Hydro Informatics Institute (HII), and tidal level data from 

the Bangkok station (BB), provided by the Royal Thai Navy (RTN). The locations of these stations are 

presented in Figure 1.  

CPY006 reflects upstream seawater flushing and river discharge variability regulated by the Chao 

Phraya Diversion Dam, providing information on how upstream flow management influences 

downstream salinity intrusion at S1. PAS009 represents the Pasak River’s contribution and the effects 

of controlled flushing operations at the Pasak Reservoir and Rama VI Diversion Dam, which can alter 

flow timing and magnitude and thereby mitigate or exacerbate salinity intrusion at S1. BB, located 

near the river mouth, monitors tidal impacts and sea-level oscillations from the Gulf of Thailand, 

offering a direct measure of tidal forcing. Together, these stations capture the main hydrological drivers 

of salinity intrusion at S1—tidal forcing, runoff variability, and dam operations—ensuring that the 
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forecasting model integrates both natural and regulated influences on salinity dynamics at S1.  
Previous studies have also demonstrated that controlled releases from upstream dams can 

counteract tidal intrusion by increasing freshwater gradients, as shown in one-dimensional salinity 

intrusion simulations and estuarine observations [29]. These works highlight that salinity dynamics in 

the Chao Phraya estuary result from the combined influences of river discharge, tidal forcing, and sea-

level fluctuations, consistent with the hydrological context of this study.  

 

Figure 1. Location maps of measurement stations utilized in the current study. The inset 

map shows the location of Thailand, with the red box highlighting the study area in the 

downstream part of the Chao Phraya River Basin. 

Data from various organizations were collected at different time resolutions. The MWA and HII 

data were recorded at 10-min intervals, while the RTN data were logged hourly. Therefore, the MWA 

and HII data were each aggregated into hourly averages to match the RTN data. The data period used 

in the current study was identical to that of Changklom et al. (2022), spanning 2014–2020. The 

combined dataset was split into training and test subsets. April and October 2020 were designated test 

periods, while the remaining data were used for model training. These two months represent the peaks 

of Thailand's dry and wet seasons, allowing for the capture of distinct salinity patterns. 

The dataset contained 61,081 hourly records; however, a substantial portion of the records were 

missing, with the S1 station having 4% missing records, CPY006 having 11% missing records, and 

PAS009 having 27% missing records. In contrast, the BB station had no missing data. The missing 
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records occurred in various forms: some were true gaps represented as NaN values, while others 

appeared as abnormal entries such as placeholder codes (e.g., -9999) or extremely large values outside 

the expected range. In this study, all abnormal values exceeding defined thresholds were treated as 

missing data.  

The missingness in this dataset arose from a combination of random and systematic causes, but 

the majority were systematic, as long continuous gaps were observed due to sensor malfunctions and 

data transmission failures. For example, CPY006’s gaps were in January to July 2018, and PAS009’s 

gaps were in April to July 2018 (the time series is shown in Figure S1 in the Supplementary). These 

gaps pose challenges for modeling salinity at S1 and will serve as a test for evaluating the XGBoost 

model's performance in handling missing data. Details on data availability and missing data for each 

station are summarized in Table 1. 

Table 1. Summary of data collected from multiple stations during 2014–2020. 

Station Parameter 
Value 

Amount of data in hours/percentage of 

total 

Min Mean Max Total Available Missing 

S1 Salinity (g/L) 0.01 0.18 2.5 61,081 58,621 (96%) 2,460 (4%) 

CPY006 Water level (m) 2.65 4.85 14.28 61,081 54,266 (89%) 6,815 (11%) 

PAS009 Water level (m) -0.65 1.09 4.47 61,081 44,312 (73%) 16,769 (27%) 

BB Water level (m) -2.24 0.03 1.53 61,081 61,081 (100%) 0 (0%) 

(Min = minimum; Max = maximum) 

2.2. Lag time selection 

The XGBoost model is designed for tabular data [17] and does not inherently consider temporal 

dependencies in time series data. To apply the XGBoost model to salinity forecasting, the time series 

data must be transformed into a tabular format, where each row represents a sample and each column 

represents a predictor variable at specific time lags. 

An effective and widely accepted method for determining the appropriate time lags for each 

predictor variable is cross-correlation analysis [30]. This method measures the similarity between two 

time series as a function of the time displacement of one relative to the other. The time lag at which 

the correlation reaches its peak can be identified by calculating the cross-correlation between the 

predictor variables and the target salinity at S1. Then, these optimal lag values were used to construct 

lagged predictor features in the tabular dataset. 

The results of the cross-correlation analysis are illustrated in Figure 2. The autocorrelation 

analysis of S1 revealed a distinct 24-hour cyclical pattern, reflecting tidal influences. Conversely, the 

cross-correlation between S1 and CPY006 (located upstream) had no 24-hour pattern; instead, there 

was a negative correlation, where higher upstream water levels reduced salinity at S1. The strongest 

correlation occurred with a 125-hour lag, indicating the approximate travel time for water from 

CPY006 to S1. Similarly, S1 and PAS009 were negatively correlated with the 24-hour tidal patterns. 

Lastly, the BB station, located near the sea, had a clear 24-hour periodicity, alternating between positive 

and negative correlations due to tidal cycles. 
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Figure 2. Cross-correlation analysis of S1 with predictor variables. 

This study focused on forecasting salinity 24 and 48 hours in advance, which are time horizons 

where the forecasting performance from Changklom et al. (2022) remained within an acceptable 

accuracy range. For S1 and PAS009, predictor variables were selected based on the first prominent 

peak in the cross-correlation that occurred at or beyond the forecast horizon. The first peak for the 24-

hour forecast model occurred at 24 hours for the S1 variable and at 33 hours for the PAS009 variable. 

The first peak for the 48-hour forecast occurred at 48 hours for the S1 variable and at 57 hours for the 

PAS009 variable. The peak correlation of CPY006 with the target salinity at S1 occurred at 125 hours, 

which exceeded both the forecast lead times. For the BB station, predictor variables were chosen from 

the earliest peak in the cross-correlation, which occurred at a 6-hour lag, shorter than all forecast 

horizons. This was possible because BB’s tidal data were derived from harmonic tidal forecasting 

conducted by RTN, meaning the values were available in advance. Therefore, the earliest major peak 

could be selected, regardless of the forecast lead time. The relationships between the target and 

predictor variables, along with their selected time lags for both models, can be summarized using Eq 

(1): 

𝑆1𝑡 = 𝑓(𝑆1𝑡−𝐹𝑃, 𝐶𝑃𝑌006𝑡−125, 𝐵𝐵𝑡−6, 𝑃𝐴𝑆009𝑡−𝐹𝑃−9) (1)  

where the subscripts denote specific points within the time series, t represents the forecast time, and 

FP is the forecast period, with all time intervals expressed in hours. 

2.3. Availability of sample dataset 

From Eq (1), data at different time lags were paired into a dataset for training and testing the 

XGBoost model, referred to as the sample dataset. Due to lag time effects and the time alignment 

required to pair target and predictor variables, the final sample size was reduced to 58,504 from the 
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original 61,081 records. The resulting dataset was divided into 57,051 samples for model training and 

1453 samples for model testing. 

In contrast, the model used in Changklom et al. (2022) could only utilize approximately 35,000 

samples (training dataset) due to its requirement for complete datasets (no missing data) and more 

predictor variables used. This limitation did not apply to the XGBoost model, which is capable of 

handling incomplete records. As a result, the XGBoost model in the current study benefited from a 

training dataset that was about 37% larger and a testing dataset that was approximately 13% larger 

than those used in Changklom et al. (2022). Table 2 summarizes the number of training and testing 

samples used in the single-level and multilevel ANN models of Changklom et al. (2022) and in the 

current study. 

Table 2. Sample dataset sizes after all unavailable datasets have been removed. 

Forecast period Amount of data in hours/percentage of total 

Single-level ANN Multilevel ANN XGBoost 

Total Total Total Complete Incomplete  

Training dataset 

24 hours 35148 35033 57051 36254 (64%) 20797 (36%) 

48 hours 35016 34920 57051 36132 (63%) 20919 (37%) 

Test dataset 

24 hours 1253 1259 1453 1262 (87%) 191 (13%) 

48 hours 1251 1259 1453 1262 (87%) 191 (13%) 

2.4. Model evaluation criteria 

The performance of the models was evaluated using two statistical metrics, root mean square 

error (RMSE) and Nash–Sutcliffe efficiency (NSE), presented in Eqs (2) and (3), respectively: 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(𝑃𝑖 − 𝑂𝑖)2

𝑛

𝑖=1

 (2)  

𝑁𝑆𝐸 = 1 −
∑ (𝑃𝑖 − 𝑂𝑖)2𝑛

𝑖=1

∑ (𝑂𝑖 − 𝑂̅)2𝑛
𝑖=1

 (3)  

where 𝑃𝑖 is the predicted value, 𝑂𝑖 is the observed value, 𝑂̅ is the mean of the observed values, and 

𝑛 is the total number of observations. 

RMSE measures the average magnitude of prediction errors, emphasizing larger errors due to 

their squared term, providing insights into the absolute performance of the model. NSE evaluates the 

predictive skill of hydrological models, comparing the relative magnitude of residual variance against 

observed data variance. NSE values range from negative infinity to 1, where 1 indicates perfect 

predictions, values above 0 suggest acceptable performance, and negative values imply predictions 

worse than using the mean observed data as predictions [31]. 
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2.5. Impact analysis of individual predictors 

The impact of missing data from each predictor variable was analyzed to investigate the individual 

contribution of each predictor variable to the overall forecasting performance. Typically, this is done 

by simulating a missing input for each predictor variable individually, one at a time, and observing the 

resulting change in model accuracy [32–35]. The analysis began by filtering the test dataset to include 

only samples with complete values for all variables. This filtering step yielded 1262 fully complete 

records. 

Based on this subset, a series of controlled missing-data scenarios were constructed by 

systematically removing the input values of one predictor variable at a time, while keeping the others 

unchanged. This generated five distinct test configurations: one baseline scenario, where all the 

predictors were present; and four scenarios, where each of the following predictors was individually 

omitted: S1t-FP, CPY006t-125, PAS009t-FP-9, and BBt-6. 

Each of these scenarios was evaluated using the same trained XGBoost model, and the 

performance was assessed using the RMSE and NSE metrics. The differences in performance between 

each incomplete-data scenario and the baseline provided insight into how crucial each predictor 

variable was for maintaining model accuracy. This method enables a clearer understanding of the 

model’s sensitivity to missing input data and highlights which variables are most influential for reliable 

salinity forecasts in the Chao Phraya River system. 

2.6. Synthetic data augmentation 

With approximately 37% of the training dataset comprising incomplete records, there is a risk 

that this amount of incomplete data may adversely impact the model’s ability to generalize effectively 

in missing data scenarios. This issue was addressed by synthesizing additional incomplete data samples 

and incorporating them into the training dataset. In many studies, synthetic data was added to training 

datasets, with the results showing that such augmentation improved model accuracy. For example, 

López-Chacón et al. [36] improved streamflow predictions using synthetic hydrological data. Yang et 

al. [37] enhanced medical image classification with synthetic data. Duffy et al. [38] boosted legal 

document accuracy using synthetic data augmentation. Chawla et al. [39] generated synthetic minority-

class instances to address class imbalance. Li et al. [40] showed that synthetic text improves model 

performance in natural language understanding. 

Therefore, synthetic data augmentation was applied to generate additional training samples with 

structured missing inputs for the current study. Initially, the training dataset was filtered to include only 

fully complete samples. From this filtered set, synthetic datasets were created by removing variables 

in various structured patterns: one variable at a time, two variables at a time, and three variables at a 

time. The rationale for this design is that the dataset contains four predictor variables in total, so 

removing one to three of them systematically covers all possible cases of incomplete inputs that may 

occur during operational forecasting. Then, these artificially incomplete datasets were combined 

incrementally with the original training dataset, creating three augmented datasets: 1) a dataset 

containing synthetic records missing exactly one variable; 2) a dataset containing synthetic records 

missing one or two variables; and 3) a dataset containing synthetic records missing one, two, or three 

variables. 

Each augmented training dataset was evaluated to determine the optimal amount of synthetic data 

necessary to enhance predictive accuracy when forecasting with incomplete inputs. Once the best 
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augmentation strategy had been identified, the final model was tested comprehensively across various 

scenarios, consisting of the full test dataset, subsets of the fully complete test data, and subsets of the 

incomplete test data, followed by a detailed assessment of how missing each specific predictor 

individually influenced the forecasting performance. This method provided insight into the optimal 

use of synthetic data augmentation and its potential to substantially enhance forecasting reliability 

under incomplete data conditions. To clearly illustrate the overall methodological process of this study, 

a flowchart summarizing the steps from data collection through model evaluation is presented in Figure 

3. 

 

Figure 3. Methodological workflow summarizing data processing, model development, 

and evaluation steps. 

3. Results and discussion 

3.1. Evaluation model performance using real data 

3.1.1. Continuous salinity forecast evaluation during testing periods 

This section evaluates the XGBoost model's forecasting accuracy by comparing its predictions to 

observed salinity data at the Samlae Raw Water Pumping Station. Figure 4 illustrates the model's 

performance during two critical testing periods: April 2020 (the dry season) and October 2020 (the wet 

season). The figure displays forecasted salinity values at 24- and 48-hour lead times compared to the 

actual, observed salinity levels.  
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During the dry season (Figure 4a), the model accurately captured the timing and magnitude of 

salinity peaks, particularly at the 24-hour horizon, with a close alignment between observed and 

predicted values. The 48-hour forecasts maintained reasonable accuracy, although slightly less precise 

during peak periods, especially under conditions of incomplete data. 

In the wet season (Figure 4b), the observed salinity was significantly lower and more stable. 

XGBoost consistently provided accurate predictions at 24 and 48-hour horizons, demonstrating 

robustness even with scattered, incomplete predictor data. Predictions remained below the MWA 

surveillance threshold, confirming the model’s practical applicability in operational monitoring 

scenarios. 

 

Figure 4. Forecasted versus observed salinity during (a) April 2020 (dry season) and (b) 

October 2020 (wet season) for forecast horizons of 24 and 48 hours. Shaded areas in gray 

represent observed data, blue lines indicate XGBoost predictions, yellow bars highlight 

time steps associated with incomplete predictor data, and the red dashed line denotes the 

MWA surveillance threshold. 
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Table 3 presents a comprehensive comparison of the forecast performance between the proposed 

XGBoost model and the ANN models developed by Changklom et al. (2022), including both single-

level and multilevel ANN models, using the RMSE and NSE metrics across two forecast horizons: 24 

and 48 hours. Performance was further assessed under three distinct conditions: when all input 

predictor variables are available (complete datasets), when some predictor data are missing 

(incomplete datasets), and across the entire test dataset (total datasets). 

Under complete data conditions—the only scenario where the single-level and multilevel ANN 

models were applicable due to their inability to process missing inputs—XGBoost outperformed the 

single-level ANN at both forecast horizons (e.g., at 24 hours, RMSE = 0.057 g/L vs. 0.069 g/L; NSE 

= 0.862 vs. 0.796) and delivered accuracy comparable to the multilevel ANN model (e.g., RMSE = 

0.054 g/L, NSE = 0.875 at 24 hours). Paired bootstrap resampling (10,000 iterations) confirmed that 

XGBoost significantly outperformed the single-level ANN, while its performance was generally 

comparable to the multilevel ANN, with no consistent evidence of significant differences across 

horizons (Supplementary Table S1). These results highlight that XGBoost offers a more effective 

modeling approach than ANN in this context. When compared to the single-level ANN, XGBoost 

consistently produced better accuracy. Furthermore, despite being a single unified model, XGBoost 

achieved predictive performance comparable to the multilevel ANN, consisting of several sub-models 

tailored to different input scenarios. This demonstrates XGBoost's capacity to match more complex 

architectures while retaining simplicity and efficiency. 

Table 3. Forecast performance of XGBoost, single-level ANN, and multilevel ANN across 

24- and 48-hour horizons under complete, incomplete, and total data scenarios. 

Forecast period Model Sample dataset Metric 

RMSE (g/L) NSE 

24 hours Single-level ANN Complete 0.069 0.796 

Multilevel ANN Complete 0.054 0.875 

XGBoost Complete 0.057 0.862 

XGBoost Incomplete 0.060 0.796 

XGBoost Total 0.057 0.857 

48 hours Single-level ANN Complete 0.096 0.605 

Multilevel ANN Complete 0.085 0.687 

XGBoost Complete 0.084 0.694 

XGBoost Incomplete 0.120 0.230 

XGBoost Total 0.090 0.648 

Where input data was incomplete—a condition that ANN cannot accommodate—XGBoost had a 

clear advantage by maintaining predictive performance. Specifically, on the 24-hour forecast horizon, 

the model’s accuracy remained relatively stable compared to its performance under complete data 

(RMSE = 0.060 g/L, NSE = 0.796), showing only a minor reduction in the RMSE and NSE values. 

However, at the 48-hour forecast horizon, the impact of missing data was more pronounced, resulting 

in a more noticeable decline in accuracy (RMSE = 0.120 g/L, NSE = 0.230). Nonetheless, because 

incomplete samples constituted only 13% of the test dataset, the overall predictive accuracy when 

using the full dataset (both complete and incomplete samples) did not deteriorate substantially from 

that achieved with only the complete samples, for both the 24-hour (RMSE = 0.057 g/L, NSE = 0.857) 
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and 48-hour (RMSE = 0.090 g/L, NSE = 0.648) models. 

3.1.2. Impact of missing individual predictors 

This section assesses the sensitivity of the XGBoost model to the absence of individual predictor 

variables. Specifically, it investigates how the exclusion of one predictor at a time affected forecast 

accuracy at two lead times: 24 and 48 hours; an ablation analysis is shown in Table 4.  

When the input data was complete, the model achieved high accuracy at the 24-hour forecast 

horizon (RMSE 0.057 g/L, NSE 0.862). On the 48-hour horizon, the accuracy remained high (RMSE 

0.084 g/L, NSE 0.694). Examining the model's sensitivity to the absence of individual predictors, S1t-

FP and BBt-6 were the most influential. On the 24-hour forecast horizon, BBt-6 had the most impact on 

prediction performance when omitted (RMSE = 0.240 g/L, NSE = -1.445), while at the 48-hour 

horizon, the S1t-FP variable became the most important (RMSE = 0.156 g/L, NSE = -0.048). Conversely, 

the absence of the CPY006t-125 or PAS009t-FP-9 variables had relatively minimal impact, suggesting the 

model could still maintain acceptable accuracy without these inputs. 

Although both S1t-FP and BBt-6 proved important when missing, further insight from the 

correlation analysis in Figure 2 indicated that the BB variable had a relatively low correlation with the 

target, suggesting it should not be a highly influential predictor. In addition, we conducted a feature 

importance analysis (presented in Supplementary Figure S2), which yielded consistent results, 

reinforcing that BB is unlikely to exert a disproportionately strong influence on the forecasts. Therefore, 

the unexpectedly strong decline in model accuracy when BBt-6 was absent was likely due to the nature 

of the training data: BB had no missing values in the training set, which may have biased the model to 

over-rely on this variable. This observation motivated the next set of experiments described in the 

following section, where artificially introduced missing values were added to the training set to assess 

whether model robustness could be improved. 

Table 4. Forecast accuracy degradation when each predictor variable is removed. 

Forecast period Variable removed Metric 

RMSE (g/L) NSE 

24 hours - 0.057 0.862 

S1t-FP 0.152 0.013 

CPY006t-125 0.055 0.871 

PAS009t-FP-9 0.054 0.876 

BBt-6 0.240 -1.445 

48 hours - 0.084 0.694 

S1t-FP 0.156 -0.048 

CPY006t-125 0.094 0.623 

PAS009t-FP-9 0.079 0.733 

BBt-6 0.094 0.616 
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3.2. Evaluation of model performance using combined real and synthetic data 

3.2.1. Effect of synthetic data augmentation on forecast performance 

This section evaluates how different synthetic data augmentation strategies affected the forecast 

performance of the XGBoost model under various conditions of missing input data. The aim was to 

determine which augmentation method produced the best balance between prediction accuracy and 

robustness when some predictor variables were unavailable during inference. Table 4 presents the 

results evaluating the effect of synthetic data augmentation on the XGBoost model’s performance 

under different incomplete data conditions. The table presents four augmentation strategies—no 

augmentation, synthetic data with one missing variable, synthetic data with one to two missing 

variables, and synthetic data with one to three missing variables. These strategies were tested across 

datasets containing complete inputs, missing one, missing two, and missing three predictor variables. 

Each forecast horizon (24 and 48 hours) was assessed separately based on the RMSE and NSE metrics. 

For the dataset with complete predictor variables, adding synthetic data slightly degraded 

performance. For example, the 24-hour RMSE increased from 0.057 to 0.063 g/L, and NSE decreased 

from 0.862 to 0.831 in the most extreme augmentation case. However, for the datasets with missing 

predictor variables, synthetic augmentation provided clear benefits. Specifically, in the dataset with 

one missing variable, the 24-hour NSE improved from 0.079 (no augmentation) to 0.689 (three-

variable synthetic), while the RMSE dropped from 0.125 to 0.078 g/L. Similar trends were observed 

at the 48-hour horizon and for datasets with two and three missing variables. For example, in the test 

set with two missing variables, the NSE increased from -1.066 (no augmentation) to 0.375 

(augmentation with 1–3 missing variables), and the RMSE reduced from 0.181 to 0.117 g/L. 

These findings confirmed that synthetic augmentation greatly enhanced model robustness, 

particularly when multiple inputs were missing during inference. Among the augmentation strategies, 

Table 5 demonstrates that augmenting synthetic data containing only one missing variable was 

sufficient to achieve substantial gains in accuracy. For example, at the 24-hour horizon with one 

missing variable, the NSE improved from 0.079 (no augmentation) to 0.681 with single-variable 

augmentation, while more complex augmentation strategies did not show consistent improvement—

NSE dropped slightly to 0.679 with 1–2 missing variables, and only marginally increased to 0.689 with 

1–3 missing variables. Similar patterns were apparent at the 48-hour horizon, where the NSE increased 

from 0.481 (no augmentation) to 0.542 with single-variable augmentation, while barely improving 

with more complex strategies. This outcome is consistent with the amount of simultaneous loss of 

multiple predictors being relatively low (approximately 5.8% with two missing variables and 0.2% 

with three missing variables of the dataset) compared to single-variable missingness (approximately 

30.0% of the dataset). More complex augmentation schemes will therefore introduce unrealistic 

missing patterns or lead to over-regularization, which explains why they did not provide additional 

benefits. These findings indicated that augmenting with only one missing variable was the optimal 

approach, offering nearly the highest performance improvement without added complexity. 

Consequently, this strategy was adopted in the subsequent analyses. 
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Table 5. Forecast performance (RMSE and NSE) of the XGBoost model under varying 

synthetic data augmentation strategies and test data completeness levels. 

Synthetic data augmentation scenario Forecast 

period 

Metric 

RMSE (g/L) NSE 

Filtered test dataset with complete variables 

No augmentation 24 hours 0.057 0.862 

48 hours 0.084 0.694 

Synthetic data with one missing variable 24 hours 0.061 0.842 

48 hours 0.089 0.656 

Synthetic data with one and two missing variables 24 hours 0.063 0.831 

48 hours 0.092 0.634 

Synthetic data with one to three missing variables 24 hours 0.060 0.848 

48 hours 0.089 0.662 

Filtered test dataset with one missing variable 

No augmentation 24 hours 0.125 0.079 
48 hours 0.106 0.481 

Synthetic data with one missing variable 24 hours 0.080 0.681 

48 hours 0.101 0.542 

Synthetic data with one and two missing variables 24 hours 0.080 0.679 

48 hours 0.103 0.532 

Synthetic data with one to three missing variables 24 hours 0.078 0.689 

48 hours 0.101 0.542 

Filtered test dataset with two missing variables 

No augmentation 24 hours 0.175 -0.884 

48 hours 0.181 -1.066 

Synthetic data with one missing variable 24 hours 0.106 0.432 

48 hours 0.118 0.368 

Synthetic data with one and two missing variables 24 hours 0.104 0.465 

48 hours 0.118 0.371 

Synthetic data with one to three missing variables 24 hours 0.102 0.473 

48 hours 0.117 0.375 

Filtered test dataset with three missing variables 

No augmentation 24 hours 0.191 -0.744 

48 hours 0.207 -1.179 

Synthetic data with one missing variable 24 hours 0.131 0.184 

48 hours 0.137 0.155 

Synthetic data with one and two missing variables 24 hours 0.128 0.231 

48 hours 0.134 0.190 

Synthetic data with one to three missing variables 24 hours 0.128 0.223 

48 hours 0.136 0.174 

3.2.2. Impact of synthetic data augmentation on predictor sensitivity 

This section examines the impact of synthetic data augmentation on the sensitivity of the 
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XGBoost model to individual missing predictor variables. It expands upon the analysis in Section 3.1.2 

by re-running the predictor removal test on a model trained with synthetic data that includes one-

variable missing patterns. The goal was to assess whether this augmentation strategy improved model 

robustness when key inputs were unavailable. Table 6 compares forecasting accuracy between the 

complete input data and the scenarios where each predictor variable had been systematically removed 

during testing. Forecast performance was reported using both the RMSE and NSE metrics for 24-hour 

and 48-hour lead times.  

Compared with the earlier results using only real training data (Table 4), the model trained with 

synthetic data augmentation improved consistency and reduced sensitivity to missing predictors. The 

degradation in accuracy was less pronounced across both the 24 and 48-hour forecast horizons. Notably, 

the RMSE remained less than 0.1 g/L and the NSE greater than 0.6 for most missing-variable scenarios. 

The impact of missing S1t-FP was reduced; however, the performance drop was clearly visible, 

indicating that this variable continued to play a critical role in model accuracy, even with enhanced 

robustness from data augmentation. 

The impact of the missing BBt-6, which previously caused a large performance drop, was now 

greatly mitigated. On the 24-hour forecast horizon, the NSE for BBt-6 improved from -1.445 (without 

augmentation) to 0.829, and the RMSE dropped from 0.240 to 0.063 g/L. Similar improvements were 

observed at the 48-hour forecast horizon, indicating that the model became more resilient to the 

absence of the BBt-6 variable after being exposed to similar missing-data patterns during training. This 

suggests that synthetic augmentation enabled the model to better generalize and maintain stability, 

especially in cases where those variables had few-to-no missing values in the original training data. 

Table 6. Forecast accuracy degradation when each predictor variable is removed, after 

training with synthetic missing variable data. 

Forecast period Variable removed Metric 

RMSE (g/L) NSE 

24 hours - 0.061 0.842 

S1t-FP 0.137 0.196 

CPY006t-125 0.062 0.834 

PAS009t-FP-9 0.056 0.864 

BBt-6 0.063 0.829 

48 hours - 0.089 0.656 

S1t-FP 0.139 0.175 

CPY006t-125 0.090 0.653 

PAS009t-FP-9 0.081 0.718 

BBt-6 0.094 0.620 

3.2.3. Overall impact of synthetic data on real-world forecasting 

This section examines the effect of combining synthetic and real data on the overall forecasting 

performance of the XGBoost model, with a particular focus on its performance under various test data 

conditions: total, complete, and incomplete. Table 7 presents the RMSE and NSE metrics for the 

forecast horizons of 24 and 48 hours, comparing models trained with real data only to those trained 

with both real and synthetic data that included one-variable missing patterns. 
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Under these incomplete test conditions, the models trained with both the real and synthetic data 

had improved robustness compared to models trained on real data alone. The 24-hour forecast RMSE 

improved from 0.060 to 0.054 g/L, and the forecast NSE increased from 0.796 to 0.830. A similar 

improvement occurred in the 48-hour forecast, where the RMSE dropped from 0.120 to 0.113 g/L and 

the NSE increased from 0.230 to 0.319. 

However, when the test dataset contained only complete samples, the combined training data 

resulted in a slight reduction in performance. At the 24-hour forecast horizon, the RMSE increased 

slightly from 0.057 to 0.061 g/L, and the NSE decreased from 0.862 to 0.842; at the 48-hour horizon, 

the RMSE increased from 0.084 to 0.089 g/L, and the NSE decreased from 0.694 to 0.656. The total 

dataset performance had similar small declines because the real-world test dataset was composed 

almost entirely of complete samples (87%), causing performance on the total dataset to closely follow 

the trends observed in the complete subset. 

These results highlighted that synthetic data augmentation was effective, especially when the 

model was expected to operate under conditions with missing inputs. While it introduced minor trade-

offs in accuracy when all inputs are available, the gains in robustness under more realistic, imperfect 

data conditions made it a worthwhile strategy. However, this trade-off could be managed by designing 

a synthetic augmentation to reflect the real data loss pattern as much as possible. For example, BB is 

a predictor derived from tidal forecasts and had no missing values in the original training dataset, 

making it unlikely to be missing in a real-world application. Therefore, omitting BB in synthetic 

augmentation was not necessary and may even have introduced unrealistic scenarios, which could have 

degraded model performance. 

Table 7. Forecast performance (RMSE and NSE) of the XGBoost model trained on real 

data versus combined real and synthetic data under different test data completeness levels. 

Forecast period Training dataset Test dataset Metric 

RMSE (g/L) NSE 

24 hours Real data Total sample 0.057 0.857 

Complete sample 0.057 0.862 

Incomplete sample 0.060 0.796 

Combined real and 

synthetic data 

Total sample 0.060 0.843 

Complete sample 0.061 0.842 

Incomplete sample 0.054 0.830 

48 hours Real data Total sample 0.090 0.648 

Complete sample 0.084 0.694 

Incomplete sample 0.120 0.230 

Combined real and 

synthetic data 

Total sample 0.093 0.624 

Complete sample 0.089 0.656 

Incomplete sample 0.113 0.319 

4. Conclusions 

The applicability and effectiveness of XGBoost were investigated for salinity forecasting in the 

Chao Phraya River, particularly under conditions involving incomplete data. XGBoost provided robust 

predictive capabilities, even when some predictor inputs were missing, a notable advantage over the 
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ANN-based model that required complete datasets. Under complete-data conditions, XGBoost 

achieved better predictive accuracy than the single-level ANN model and comparable accuracy to 

multilevel ANN models that rely on multiple specialized sub-models. 

Synthetic data augmentation greatly enhanced the robustness of applying the model to incomplete 

data scenarios. Specifically, the introduction of synthetic samples with only one missing predictor 

consistently provided substantial improvements in accuracy and robustness. Although this approach 

slightly reduced forecast accuracy under conditions of complete data, the trade-off was minimal and 

manageable. Future model performance should be enhanced by further optimization of synthetic 

augmentation strategies to more closely mimic realistic patterns of missing data, such as avoiding the 

unnecessary omission of predictors (like the tidal variable), which are unlikely to contain missing data. 

In conclusion, XGBoost showed considerable potential for practical, real-time water quality 

forecasting applications. Its built-in capacity to handle missing data effectively addresses common 

real-world issues such as sensor failures and intermittent data losses. Our framework for effectively 

handling missing data was developed using the Chao Phraya River system, with its complex 

interactions between salinity, tidal forces, and regulated discharge. Nevertheless, it should be 

applicable to other river systems with different hydrological regimes. Future studies on different river 

basins and data types are expected to further demonstrate its versatility and practicability. In addition, 

it could include refining synthetic data augmentation techniques and integrating additional advanced 

machine learning approaches to further enhance forecasting performance and resilience. 
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