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Statistical Modeling of Groundwater Pollution Using Logistic Regression

Aseel A. Jaaze, Mohanad N. Abdul Sayed* and Rana H. Shamkhi

ABSTRACT: Binary logistic regression is used to examine groundwater pollution and determine the main
contributing elements. Groundwater level, Northing coordinates, and Total Dissolved Solids (TDS) were the
hydrogeological and geographical variables that were examined using SPSS. The study showed the significant
impact of variables on the state of pollution. The results provide important information for methods to
mitigate pollution and manage groundwater resources.
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1. Introduction

Groundwater is a major source of fresh water in arid and surface water-poor areas. One of the most
important reasons that make it vulnerable to pollution is human waste, represented by urban expansion,
liquid industrial waste, and agricultural runoff. To evaluate the impact of hydrogeological factors and
model groundwater pollution statistically, we will use binary logistic regression. Combating pollution
requires developing sustainable water management methods. There are significant concerns about the
safety of groundwater in Al-Ghareeb-Marawah area of Iraq due to poor monitoring and increasing land
use. Groundwater pollution means the deterioration of groundwater quality due to the introduction
of hazardous chemical, biological or physical substances into the aquifer. The main causes of pollution
include improper disposal of waste, excessive use of chemical fertilizers, water leakage from irregular waste
dumps, and leakage of industrial waste. These pollutants cause a change in the natural composition of
groundwater, making it unfit for human and agricultural use for studies on groundwater pollution, see
[9,5]. Given the difficulty of observing groundwater pollution, unlike surface water pollution, which is
clearly visible, long periods may pass without groundwater pollution being noticed. For this reason,
predictive models must be developed to assess the potential for contamination.
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2. Logistic Regression

Logistic regression is one of the most common statistical methods for modeling and estimating the
probability of a binary outcome see [2]. For groundwater contamination, it is either contaminated (1) or
uncontaminated (0), the dependent variable in our study. The independent variables are: total dissolved
solids (TDS_ppm), groundwater level (Water_Level_.m), and north coordinates.

The logistic regression model follows the form:

e(Bot+Brzi+pB2za+...+Bn)

P =1)= 1 + e(BotBizi+B2z2+. .+ fnan)

Here, P (Y = 1) represents the probability that a groundwater sample is polluted. The variables x;
are the predictor variables Represented by (Northing, Water Level, and TDS), respectively, while ; are
the regression coeflicients determined through data analysis.

Logistic regression is very good for environmental studies because of its ability to model the relation-
ship between multiple environmental conditions and the probability of contamination.

3. Data

The data used in our study are from hydrogeological assessments of the Upper Cretaceous aquifer
located in the Gharib-Marwa area. Specifically, data were collected and processed from 21 existing
groundwater wells. The data included spatial coordinates (east and north), elevation, water level, aquifer
characteristics (crest and thickness), and total dissolved solids (TDS). The contamination status of each
well was determined based on a specific TDS threshold (e.g., TDS > 1000 ppm indicates contamination).
These data were taken from [1], who provided comprehensive GIS-based hydrogeological maps and an
assessment of the aquifer system in this area. Binary logistic regression analysis was applied to examine
the relationship between groundwater contamination (binary dependent variable: polluted or uncontam-
inated) and independent predictors: north, water level (m), and total dissolved solids (TDS) per million.
The aim of this study was to identify pollution indicators and evaluate the accuracy of model predictions.

3.1. Table of data

The data is shown in the Table 1:

The following variables represent:

The dependent variable is the pollution status (polluted = 1, unpolluted = 0). The independent
variables are as follows:

e North: Represents the geographical location.

e Groundwater level (Water Level) Water salinity (TDS): It is a key variable in determining ground-
water contamination.

A new variable for contamination status has been added based on a specific salinity threshold (e.g.,
TDS > 1000 ppm is considered a contaminant).
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4. Data Analysis and Results

We will now use SPSS to examine the data and use logistic regression to model groundwater pollution,
see [7].

4.1. Data processing

Data quality was checked before analysis to determine if there were any missing values.

None of the 21 groundwater well records have any missing information, guaranteeing the dataset’s
completeness and integrity. As a result, the binary logistic regression model may be applied continuously
without requiring data exclusion or imputation, as shown in the Table 2:

Table 2: Summary of data completeness and quality assessment

Category Number (N) | Percentage (%)
Values used in the analysis 21 100%
missing values 0 0%

4.2. Evaluate the basic model without the independent variables

Initially, no predictor variables were included in the baseline model, also known as the null model. The
model achieved an overall classification accuracy of 85.7% by classifying all cases as ”unpolluted” (status
= 0). This model’s inability to detect any of the real contaminated instances (status = 1), however,
underscores both its prediction limitations and the need to include pertinent independent variables, as
shown in the Table 3:

Table 3: Summary of data completeness and quality assessment

Reality Expectation (Unpolluted) | Expectation (Polluted) | Percentage (%)
Unpolluted(0) 18 0 100%
Polluted(1) 3 0 0%
Total accuracy 85.70

4.3. The importance of variables before entering them into the model

All three variables: Northing, Water_Level_m, and TDS_ppm have a significant effect on pollution (P
< 0.05).
TDS_ppm (water salinity) is the most influential variable, followed by geographical location (Northing),
then groundwater level (Water_Level_m).
An overall P value of 0.000 means that the independent variables have a significant effect on improving
the model, as shown in the Table 4.

Table 4: Significance of predictor variables based on Chi-Square Test

variable Chi-Square | df | Sig. (P-Value)
Northing (Geographical Location - North) 12.952 1 0.000
Water_Level_m (Groundwater Level) 5.574 1 0.018
TDS_ppm (Groundwater Salinity) 17.335 1 0.000
Total Statistics 18.551 3 0.000

4.4. Model significance after introducing variables

The whole model showed a statistically significant improvement over the null model when the inde-
pendent variables were added, with a chi-square value of 17.225 (df = 3, p = 0.001). This shows that
all of the predictors together significantly increase the explanatory power of the model, as shown in the
Table 5:
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Table 5: Overall model significance after including predictors
Chi-Square | df | Sig. (P-Value)
17.225 3 0.001

4.5. Model quality

The performance of the model was further assessed through the use of pseudo R-squared statistics.
An extraordinarily high level of explanatory power is suggested by the Nagelkerke R? value of 1.000,
which shows that the model fully explains the variance in the dependent variable. This can indicate a
very good model fit. The strength was further supported by the Cox and Snell R? of 0.56 and the -2 Log
Likelihood value of 0, as shown in the Table 6:

Table 6: Model quality indicators using pseudo R-squared Measures
-2 Log Likelihood | Cox & Snell R? | Nagelkerke R?
0 0.56 1.000

5. Discussion

Many recent studies [3,4,6], Recent work highlights arsenic contamination [8,10], have applied logistic
regression to evaluate groundwater contamination and validate its effectiveness in environmental model-
ing. For instance: Igbal et al in 2023 [3], conducted a comparative analysis between logistic regression,
artificial neural networks, and random forest models to predict arsenic contamination in Pakistan. Their
findings highlighted the reliability and interpretability of logistic regression despite its simplicity. Perez
et al. [9], combined logistic regression with the Analytical Hierarchy Process (AHP) to identify the main
factors contributing to E. coli contamination in shallow groundwater. Ahmed et al. [5], used logis-
tic regression alongside random forest models to assess groundwater contamination related to ammonia
levels.

6. Conclusions

Based on logistic regression analysis, total dissolved solids (TDS) are identified as the primary factor
driving groundwater pollution in the study area. Elevated salinity levels are closely associated with
contaminated wells. Geographic location, represented by the northing coordinate, also plays a notable
role, with higher contamination rates observed in the southern part of the region. Groundwater level has
an inverse relationship with pollution but contributes less significantly compared to the other factors.
The final model displayed excellent predictive ability, correctly classifying all wells with 100

7. Recommendations

Based on the study’s outcomes, several recommendations are proposed:
1. Regularly monitor TDS concentrations to assess water quality trends.

2. Focus pollution control efforts on the southern section of the aquifer where contamination is more
prevalent.

3. Implement regulatory measures to limit industrial, agricultural, and domestic activities near ground-
water sources.

4. Support future research integrating additional hydrochemical indicators and spatial models for more
comprehensive pollution prediction.
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