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Abstract

Quantum Machine Learning is a growing field with the potential to unlock

several opportunities in groundwater management. A novel approach integrating
advanced quantum machine learning (QML) models with classical machine learning
(ML) algorithms for robust groundwater quality assessment, using the SABHQ
(Systematically Averaged Battery Hybrid Quantum) method, is proposed. We
attempted to reduce noise and enhance generalization by stimulating composite
sampling across both ML and QML pipelines. Accuracy, precision, recall, and F,
scores were calculated across all models, using normalization and aggregation
strategies to achieve relatively unbiased benchmarking. We observed that the
dominant predictors, such as EC, Cl, HCO;, SO,, Na, TH, Latitude, and Longitude,
reflect both spatial variability and anthropogenic influences on groundwater quality.
The systematic averaging method yielded noticeable improvements for QML models,
with QCNN achieving accuracy and F; scores of up to 0.95 and 0.98, respectively,
outperforming classical machine learning models. We report that QCNN metrics
improved due to aggregation, noise reduction, and possibly quantum entanglement
effects, leading to better generalization, whereas VOC showed gradual but minor
improvements. We believe our work can be extended to other environmental
domains, not only to refine the method we proposed but also to enhance its
adaptability.

Keywords Quantum machine learning, Classical machine learning models, QCNN,
VQC, Groundwater quality

1 Introduction

Groundwater has been fetching attention in unexpected ways since the last few
decades because of the sophisticated monitoring frameworks that revealed anthropo-
genic pressure on this precious source. A quantum-inspired recurrent neural network
(QRNN) was developed and integrated with the convolutional neural network (CNN)
and gradient-based optimizer (GBO) to enhance the capability of ML in predict-
ing groundwater quality [1]. The Quantum Long Short-Term Memory (QLSTM) per-
formed better than the classical LSTM models in predicting the groundwater levels [2].
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A Quantum-Enhanced Gradient Boosting Neural Network (QGBNN) was used in the
investigation of vital factors that can mitigate perfluorooctane sulfonic acid (PFOS) from
aqueous solutions using nanofiltration membranes [3]. The quantum-behaved particle
swarm optimization (QPSO) algorithm integrated with Levy flight (QPSO-LF) was used
to improve the groundwater monitoring network [4]. The Quantum Particle Swarm
Optimization (QPSO) and the Credal Decision Tree (CDT) were integrated to map the
spring potential of groundwater [5]. Some subsurface hydrological inverse problems
were solved using an improved quantum annealing performance [6]. Quantum Convo-
lutional Neural Network (QCNN) was employed using the IBM Qiskit simulator and
PennyLane simulator to predict the geothermal pumps-induced temperature variations
in groundwater [6]. Bayesian artificial neural network (BANN), Bayesian support vector
machine (BSVM), and Bayesian random forest (BRF) housed hybrid models were linked
with quantum ML and deep learning models [7]. A quantum solver (quantum linear sys-
tems algorithms) for fracture systems was used to study the intricate hydrological linear
systems [8]. The Adiabatic, fault-tolerant approach through the SSO algorithm (error-
free) and the Variational linear solver (noise resilient) approach were used to accurately
model vital fracture systems to simulate subsurface flow [9]. A Multi-objective quantum
genetic algorithm combined with quantum state interference and coding of qubits was
used to solve intricate problems in the management of agricultural water resources, i.e.,
utilization rate, deviation between area and yield, optimization effect, and convergence
speed [10]. Absolute Quantum Gravimeter (AQG) and Differential Quantum Gravi-
meter (DQG) (FIQUgS project) were planned to precisely monitor groundwater and
to detect subsurface voids, highlighting the potential of quantum gravity sensors [11].
Quantum Neural Networks (QNN) via hybrid quantum-classical training were used to
assess the dissolution volume of carbon dioxide in saline aquifers through quantum cir-
cuit ansatz and Pauli Z operator measurement [12]. GA and a PSO algorithm were asso-
ciated with quantum computing to investigate the contaminant sources of groundwater
[13]. Quantum Group Method of Data Handling with Harmony Search (Q-GMDH-HS)
and Quantum Group Method of Data Handling with Grey Wolf Optimizer (Q-GMDH-
GWO) were used to estimate saturated hydraulic conductivity in semi-arid zones with
the aid of superposition, collapse, rotation gates, and entanglement [14]. The hybrid
quantum-classical distributionally robust optimization (DRO) was used to optimize
water use efficiency and energy utilization [15]. Quantum variational crop-coil entangle-
ment encoding, Quantum-guided agri-topological dynamics mapping, and Quantum
federated learning for distributed farm intelligence were used as an integrated frame-
work for climate-resilient farming that may also advocate groundwater governance [16].
SSA-BP, PSO-ELM, LSTM, BPNN, ELM, and CNN-LSTM models were compared with
quantum neural networks in forecasting the river discharge [17]. Anaerobic digestion
(wastewater treatment) exhibited enhanced performance when operational parameters
were adjusted with inputs from quantum circuit learning (QCL), with a variational quan-
tum circuit equipped with a classical optimizer, which was later proposed to work on a
noisy intermediate-scale quantum (NISQ) device [18]. A hybrid model linking a quan-
tum long short-term memory network (QLSTM), a random forest regression (RFR), and
a temporal convolutional network to forecast precipitation with relatively higher accu-
racy [19]. A hybrid QLSTM Model (QGAPHnet) using Quantum Genetic Algorithm
(QGA) and Particle Swarm Optimisation (PSO) was used to estimate the soil moisture
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[20]. A quantum-behaved particle swarm optimization with a variational mode decom-
position was used to forecast runoff [21]. A hybridizing Quantum Particle Swarm Opti-
mization (QPSO) and the Credal Decision Tree (CDT) ensemble (QPSO-CDTreeEns
model) was used to predict the flash floods and yielded susceptibility mapping in some
zones [22]. RE, BRT, and SVM models were tested to identify areas that serve as potable
and irrigation indicators [23]. Sequential Gaussian simulation (SGS) was used to study
nitrates, As, and F levels in groundwater [24].We attempted to fill the research gaps from
the previous works. There were limited comparative, metric-normalized benchmarks
between ML and quantum circuits to study groundwater contamination. Previous work
lacks a systematic study of how aggregation/averaging strategies affect the expression
of quantum advantage. There was limited integration of explainability (ML-SHAP) with
quantum models to associate performance gains with interpretation. We attempted to
fill these gaps by providing a unified ML-QML benchmarking pipeline with normalized
metrics. We propose the SABHQ averaging cohorts as a regulation framework to inves-
tigate quantum advantage and attempted to integrate ML-SHAP-derived dominant pre-
dictors with composite scores.

1.1 Novel contributions
In our opinion, the following are the key contributions we considered to present through
this work.

1. We formulated the SABHQ (Systematically Averaged Battery augmented Hybridized
Quantum machine learning) framework to investigate quantum advantage under
different averaging cohorts, especially for groundwater investigations.

2. We attempted to integrate ML classifiers with QML models via a unified evaluation
pipeline incorporating composite scores, SHAP-based interpretability, and integrated
performance indices.

3. We introduced composite score equations that account for predictive metrics and
agreement with dominant hydrogeochemical predictors.

2 Methodology

The rationale for the proposed work is to relatively reduce noise in hydrogeochemical
measurements and to investigate whether quantum circuits extract patterns effectively
from aggregated datasets than classical ML models. The proposed SABHQ framework
integrates averaging cohorts and datasets into a unified benchmarking battery. This can
enable controlled gradient analysis of aggregation effects on ML vs. QML performance.
We used the QCNN convolutional structure that mimics classical CNNs but leverages
entanglement pooling for hierarchical feature extraction from spatial hydrochemical
patterns (https://pennylane.ai/qml/glossary/qcnn). We used VQC, which is the hardwar
e-efficient variational baseline that can test architecture-independent quantum effects (
https://pennylane.ai/qml/demos/tutorial_variational_classifier). The dataset needed for
this study was obtained from the Central Ground Water Board, Ministry of Jal Shakti,
Department of Water Resources, River Development and Ganga Rejuvenation, Govt. of
India, through the https://cgwb.gov.in/en/ground-water-quality website. From the datas
et (2023) procured from the source, we considered 16,776 observations with Longitude,
Latitude, pH, EC, CO,;, HCO,, Cl, E, SO,, PO,, Total Hardness, Ca, Mg, Na, K, Fe, As,
U, and NO; (two levels: ‘H’ and ‘L’). We considered 18 predictors and one target (NO,)
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for this study. We used an 80 (training data): 20 (test data) approach for this study as
suggested in the previous studies [25-27]. We used CatBoost Classifier (catboost), Light
Gradient Boosting Machine (lightgbm), Extreme Gradient Boosting (xgboost), SVM
(svm), Logistic Regression (Ir), Random Forest Classifier (rf), Extra Trees Classifier (et),
Gradient Boosting Classifier (gbc), and Linear Discriminant Analysis (lda) models. We
designed the methodology to integrate the machine learning (ML) models with quantum
machine learning (QML) models, along with model interpretability (SHAP), to investi-
gate groundwater contamination due to nitrate. We nurtured an approach to compare
the ML models with variational and convolutional quantum circuits, with a data aggre-
gation strategy (averaging) to understand if QML is actually generating a relative advan-
tage over ML frameworks. Our workflow got initiated by preprocessing the dataset and
standardizing it to feed into ML and QML frameworks (pipelines). The normalization
of the dataset was done using the z-score method, and imputation was done using the
mean (More information about the normalization and imputation can be obtained from
the websites https://scikit-learn.org/stable/modules/generated/sklearn.preprocessing.St
andardScalerhtml and https://scikit-learn.org/stable/modules/generated/sklearn.imput
e.SimpleImputer.html). The imputation was done before the data split to avoid leakage.
The categories were encoded using Labelencoder() that maps H/L — {0,1} — {+1,-1} for
quantum (Z) matching. About 2% of outliers (removed) were detected due to extreme
values of the signal from the dominating predictors. Averaging regimes (Systematically
Averaged Battery) were constructed using subsets created by grouping samples, i.e.,
3-average, 5-average, 7-average, and 9-average, and aggregating features within each
group. We believe that this may stimulate composite sampling, allowing us to investigate
quantum advantage with noise being reduced and potentially amplified class separation.
We used a diverse ensemble of ML classifiers, i.e., Catboost, LightGBM, XGBoost, Ran-
dom Forest, Extra Trees, Gradient Boosting Classifier, SVM (Support Vector Machine),
Logistic Regression, and Linear Discriminant Analysis (more information on the mod-
els can be obtained from the https://scikit-learn.org/stable/supervised_learning.html
website). We used evaluation metrics such as accuracy, precision, recall, and F1 score to
compare models and determine the relatively better performing models. Model-specific
feature importance was recorded, and the obtained metrics were averaged over multiple
runs to maintain stability. We used quantum models, i.e., Variational Quantum Circuit
(VQC) and Quantum Convolutional Neural Network (QCNN) (more information on
the models can be obtained from the https://pennylane.ai/qml/demos/tutorial_variation
al_classifier/ and https://pennylane.ai/qml/glossary/qcnn websites). In order to confirm
a relatively unbiased comparison, the model metrics are normalized to a 0 to 1 scale.
We investigated the model agreements with the dominant variables while developing a
composite score equation (CSE) to rank model performance and extracted the dominant
predictors. We developed a framework combining Composite score (CS) and Dominant
predictor agreement (DPA) to yield an Integrated score (IS). We combined SHAP-based
agreement with integrated composite scores by extracting the SHAP value for the domi-
nant predictors for each model and computing the dominant predictor agreement. We
integrated SHAP values into the composite score equation (CSE), which resulted in the
Integrated SHAP Composite Score Equation (ISCSE), which helped us comprehend how
much the model predictions were influenced. We attempted to investigate whether sys-
tematic averaging consistently affects quantum ML performance metrics.
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The dataset we considered has 18 continuous predictors and a target. The data-
set was normalized using z-score scaling and fed into the circuit as a vector z € R",
where n, = 4 qubits. The encoding method involved Angle encoding via Ry (6 ) rota-
tions. So, for each qubit /i/, gml.RY (x [i], wires = i), and this maps each normal-
ized feature value z[i] to the Y- rotation angle © = z [i] radians. Angle encoding
can be efficient for continuous data, as it generally preserves feature magnitudes in
the quantum state amplitudes. The proposed SABHQ averaging cohorts may fur-
ther smooth inputs and aid encoding stability. The circuit implements a basic QCNN
with two convolutional blocks on qubit pairs (0—1 and 2-3), followed by pooling that
can mimic classical CNNs but leverages quantum entanglement. The initial encoding
layer involves 4 parallel Ry (z [i]) gates, one per qubit, while preparing the input state
[y = @ {i=0}A{3} R_Y (x[i])]0). In block 1 (qubits 0-1), the convolutional
blocks involve gml.CRY (weights, wires = [0,1]). The controlled - RY gate involves
Ry (0 = weights) on target qubit 1, conditional on control qubit 0. This was followed

by ¢ml.RY (wez‘ghts[ﬂ ,wires =0, gml.RY (weights,wires =1). In block 2

(qubits 2-3), there was an identical structure, and CRY can enable data-dependent rota-
tions. This can capture non-local correlations absent in classical convolutional layers, and
the trainable RY layers may refine local features. More details can be obtained from https
://pennylane.ai/qml/glossary/qcnn. The VQC (Variational Quantum Classifier) can serve
as a baseline variational ansatz with a connected, layered architecture. It uses 4 qubits,
ie, ng =4and njuyers that can be tuned for the ansatz depth. The z-score normal-
ized 18 predictors reduced to » € R* and encoding occurs within the circuit through
angle embedding. The encoding method involves Ry (z [i]) rotations on each qubit i
and mapping features to the rotation angles ¢gml.RY (z [i],wires = i) Vi € {0,1,2,3}.
More details can be obtained from https://pennylane.ai/qml/demos/tutorial_variational
_classifier. The methodology devised for this work is provided in Fig. 1.

3 Results
We used machine learning models and compared them using accuracy, recall, precision,
and F, scores. The evaluation metrics for the ML models is provided in Table 1.

When we used the CatBoost classifier model, we observed that HCO;, EC, and Cl
were the dominant predictors (Fig. 2). Light Gradient Boosting Machine yielded HCO,,
Cl, and EC as dominant predictors (Fig. 3). The Extreme Gradient Boosting model iden-
tified EC as a dominant predictor (Fig. 4), whereas the SVM model identified longitude
as a dominant predictor (Fig. 5). Using the Logistic regression model, we identified Cl
and Na as the dominant predictors (Fig. 6), and the Random Forest classifier identi-
fied EC, Total hardness (TH), SO,, and Cl as the dominant predictors (Fig. 7). Using the
Extra Trees classifier, we identified TH, EC, and Mg as the dominant predictors (Fig. 8).
The Gradient Boosting classifier model yielded EC and TH as the dominant predictors
(Fig. 9), whereas the Linear discriminant analysis model resulted in CI and Na as the
dominant predictors (Fig. 10). More details about the interpretation may be obtained
from https://shap.readthedocs.io/en/latest/example_notebooks/api_examples/plots/bee
swarm.html#A-simple-beeswarm-summary-plot.

We observed that the features HCO,, Cl, and EC were most influential across the
models, while the LightGBM, CatBoost, and SVM models provided higher total impor-
tance values to features, compared to XGBoost, RF, ET, and GBC models. We measured
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Table 1 Evaluation metrics (ML models)
Model Accuracy Recall Precision F1

catboost Catboost classifier 0.88 0.96 0.90 093
lightgbm Light gradient boosting machine 0.88 0.96 0.90 093
xgboost Extreme gradient boosting 0.88 0.95 091 093
svm Support vector machine 0.88 0.96 0.89 0.93
Ir Logistic regression 0.87 0.97 0.88 0.92
rf Random forest classifier 0.87 0.96 0.89 092
et Extra trees classifier 0.87 0.96 0.89 0.92
gbc Gradient boosting classifier 0.87 0.96 0.89 092
Ida Linear discriminant analysis 0.87 0.97 0.88 092
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normalized variable importance and the normalized model importance to get the
insights provided by ML (Table 2). The normalization (variable importance) was done

using the equation

Normalized Importance; = 2% 100

where, v; is the importance of the variable ¢, and S, is the total sum of mean impor-

tances for all variables.

v

2 1 1 2 s
'SHAP value (impact on model output)

2 1 o ' 2
'SHAP value (impact on model output)

06 04 2 os
'SHAP value (impact on model output)

The normalization (model importance) was done using the equation.

06

Foature value

Foature value

Foature value
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08

Normalized Importance;, = % x 100
where, my is the total importance assigned by the model and S,, is the total sum of
importances for the models. SVM (87.98%) and LDA (87.29%) models show relatively
better agreement with the dominant predictors (HCO,, Cl, EC, Longitude, Latitude,
SO,, TH, and Na), while the LightGBM (64.64%) and ET (56.84%) models exhibited rel-
atively lower agreement. Logistic regression (81.69%) and GBC (75.21%) models align
with the key variables. The dominant variables, i.e., (HCO,, Cl) - mineral dissolution and
water-rock interactions, (EC) - salt concentration, (Longitude, Latitude) - geological and
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anthropogenic factors varying with spatial variation, SO,, Total Hardness, and Na, may
be treated as key indicators of groundwater quality, as they reflect natural geochemical
and hydrochemical characteristics of groundwater. SVM and LDA models can provide
reliable insights based on the established groundwater quality features. We considered
Accuracy, Recall, Precision, and F1 scores to obtain the Composite Score Equation

(CSE). Each metric was normalized using the equation.

X (m;) —min (X)
max (X) — min (X)

Xnorm (ml) =
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Table 2 Normalized variable and model importance

Variable Total importance Model Total importance Model Agreement (%)
(%) (%)

HCO3 13.44 LightGBM 89.84 XGBoost 68.87
a 13.32 CatBoost 3.30 LR 81.69
EC 12.14 SYM 327 GBC 7521
Longitude 11.61 LR 1.33 LightGBM 64.64
Latitude 1040 LDA 097 ET 56.84
SO4 934 GBC 0.03 CatBoost 71.00
Total Hardness 7.81 RF 0.03 LDA 87.29
Na 738 ET 0.03 RF 58.56
K 6.85 XGBoost 0.02 SYM 87.98
pH 6.22

F 570

Ca 543

Mg 5.24

u 451

Fe 4.11

As 298

PO4 1.77

o3 1.21

Table 3 Evaluation metrics with composite scores

Model Accuracy Recall Prec. F1 Composite score
XGBoost 0.8860 0.9550 0.9136 0.9339 0.5236
LightGBM 0.8862 0.9622 0.9083 0.9345 04816
CatBoost 0.8874 0.9647 0.9076 0.9353 04702
RF 0.8746 0.9649 0.8946 0.9284 04543
GBC 0.8726 0.9650 0.8926 0.9274 04524
ET 0.8735 0.9664 0.8924 0.9279 04473
SVM 0.8823 0.9691 0.8994 0.9328 0.4447
LDA 0.8709 0.9743 0.8844 0.9271 04185
LR 0.8759 0.9766 0.8876 0.9299 04131

X(m,) is the metric value for model m;, max(X) and min(X) are the maximum and
minimum values for the metric across the models. The composite score equation is as
follows.

1
S (m;) = I [AcChorm (M) + Recallyorm (mi) + Precnorm (M) + Flyomm (my)]

Accuracy (m;) — min (Accuracy) Recall (m;) — min (Recall)

1 | max (Accuracy) — min (Accuracy) = max (Recall) — min (Recall)
4 Prec (m;) — min (Prec) F1(m;) — min (F1)
max (Prec) — min (Prec) = max (F1) — min (F1)

Note that each normalized metric gets equal weight, and the highest S(m,) specifies
the best model. The XGBoost model performed better based on the composite scores
(Table 3). We attempted to integrate dominant predictors with the composite model
scores using the equation.

Ing =wy - Sy +we- Dy
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Table 4 Composite score, dominant predictor agreement, and integrated score

Model Composite score Dominant predictor agreement Integrated score
LDA 04447 0.8729 0.6160
LightGBM 04816 0.8169 0.6157
LR 04131 0.8798 0.5998
XGBoost 0.5236 0.6887 0.5896
GBC 04702 0.7521 0.5830
ET 04473 0.7100 0.5524
CatBoost 0.4543 0.6464 05311
RF 04524 0.5684 0.4988
SVM 0.4185 0.5856 0.4853

Model Scores and Dominant Predictor Importance

= Composite Score o088 -~ Dominant Predictors Importance
=3 Dominant Predictors % ]
=3 Integrated Score

-

062 062

Scores / Percentages
Dominant Predictor Importance (%)

%
%

& 9 5
< s & & & & &
N & &
« + 54

Fig. 11 Model scores with dominant predictor importance

wy and wsq are the weights prioritizing predictive strength (0.6) and relevance (0.4), Sy
is the composite model score, and D)y is the agreement percentage with the dominant
predictors. Table 4 shows the composite score, dominant predictor agreement, and inte-
grated scores. The integrated score balances model performance and alignment with key
predictors. LDA and LightGBM achieved the highest integrated scores, combining both
prediction and alignment to dominant attributes (Fig. 11). We considered SHAP val-
ues and observed that EC, Cl, TH, HCO3, Na, SO4, Latitude, and Longitude remained
dominant predictors. We combined SHAP values and composite scores to yield better
insights using the equation.

I(m;)=wr- S(m;)+ws- Dsgap (m;)

S (m;) is the normalized composite model score, Dggap (m;) is the dominant pre-
dictor agreement, and w; and wy are weights. The integrated scores are provided in
Table 5. Based on the scores, XGBoost, LightGBM, CatBoost, GBC, RF, and ET models
remained dominant models while EC, Cl, TH, HCO,, Na, SO,, Latitude, and Longitude
emerged as dominant predictors (Fig. 12).

We expanded our work to investigate whether quantum ML models provide better
metrics than ML models. VQC (Variational Quantum Classifier) and QCNN (Quan-
tum Convolutional Neural Network) were considered in this study. SABHQ (Systemati-
cally Averaged Battery augmented Hybridized Quantum machine learning) method was
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Table 5 Composite score, SHAP dominant agreement, and integrated score

Model Composite score SHAP dominant agreement Integrated score
XGBoost 0.5236 0.70 0.589
LightGBM 04816 0.75 0.588
CatBoost 04543 0.72 0.559
RF 04524 0.67 0.539
ET 04473 0.68 0.541
LDA 0.4447 0.60 0.518
SVM 04185 0.61 0.507
LR 04131 0.65 0.510
GBC 04702 0.69 0.554
Integrated Model and Dominant Predictor Analysis .
= Composi!eM;:::e (%) 72.0% 8- Dominant Predictos mgorance )
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Fig. 12 Integrated model with dominant predictor analysis

Table 6 Quantum model metrics

Averaging Model Accuracy Precision Recall F1

Total QCNN 0.9088 0.9380 0.9666 0.9521
VQC 0.8615 0.9470 0.9028 0.9244

By 3 QCNN 0.9449 0.9709 0.9724 09716
VQC 0.8720 0.9700 0.8955 09313

By 5 QCNN 09313 0.9781 09511 0.9644
VQC 0.8542 0.9831 0.8660 0.9208

By 7 QCNN 0.9517 0.9889 0.9621 0.9753
vQC 0.9008 0.9911 0.9079 0.9477

By 9 QCNN 0.9517 0.9889 0.9621 0.9753
VQC 0.9008 0.9911 0.9079 0.9477

developed. In the SABHQ method, we used systematically averaged cohorts (Battery)
of averaged datasets (3, 5, 7, and 9), and the total dataset was also used for comparison
(Table 6). With the QCNN model, the accuracy increases steadily from ~0.91 (all data)
to ~0.95 (by 9), reflecting a consistent gain at each level. Precision increases from ~0.94
to ~0.99, suggesting the model is less likely to misclassify. Recall was maintained at high
values, and the F1 score shifted from ~0.95 to ~0.98, reflecting a constant precision/
recall balance. With the VQC model, the accuracy increases slowly, i.e., 0.86 to ~0.90,
whereas the precision is stable with a slight increase, i.e., 0.95 to 0.99. Recall shifts from

Page 12 of 19
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Fig. 13 Enhanced Quantum performance

Table 7 Deployment situations

Situation Recommended Metric(s) Averag- Reason(s)
model ing level
Individual sample, no averaging ~ QCNN Accuracy/F1 Total Best overall; recall crucial
for detection
Moderate noise, some batch QCNN Recall/F1 By 3/5 Robust to noise; high recall
Aggregate QCNN orvVQC Precision By 7/9 QCNN for reliability; VQC

for stringent precision tasks

Comparison of Quantum ML and Classical ML Integrated Scores

=~ Top Classical Model Integrated Score

Integrated Score / F1 Score (%)

& S
& &
+© $

Fig. 14 Quantum ML and classical ML

~0.90 to ~0.91, reflecting less sensitivity to averaging than QCNN. F1 score slightly
increased from ~0.92 to ~0.95. QCNN model metrics increase with higher averaging,
peaking at 7/9. VQC model accuracy lags behind, but precision increases fastest while
recall slowly ascends. QCNN provides F1 and recall advantage throughout the cohorts
(Fig. 13). We observed that the metrics show reduced variance and higher means as
averaging increases, especially for the QCNN model, which reflects that aggregation
helps quantum circuits learn generalizable patterns (Table 7). Using moderate-to-large
averaging (5-9) yields better accuracy, recall, and F1 for QCNN, signifying that this may
be optimal for deployment (Fig. 14). The quantum ML models QCNN and VQC exceed
the classical ML models (Fig. 14).
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The evaluation metrics were compared (Fig. 15), and we observed that the QCNN
accuracy starts high (~91%) and steadily improves to ~95% at higher averaging cohorts.
VQC is lower (~86%), increasing to ~90%, reflecting that QCNN generalizes relatively
better with the averaging method (SABHQ). In terms of accuracy, the classical ML best-
reported integrated score was well below even the initial QCNN performance. The
QCNN precision starts at ~94%, improving to ~99%, reflecting the ability to identify
positive cases with a few false positive cases. VQC starts at ~95%, increases to ~99%,
indicating that both quantum models improve in precision with the SABHQ method.
This observation reinforced the quantum ML precision superiority. QCNN recall main-
tains high recall (~97%), with a dip at moderate averaging levels, but regains high recall
at the highest averaging cohorts. VQC has a shifting recall (~90%) but improves slightly
toward higher-averaging cohorts. The classical ML recall baseline is lower. The QCNN
achieves F1 score above 95%, peaking around 98% with high averaging cohorts. VQC
improves slowly from ~92% to ~95%. The classical ML baseline remains low, reflecting
quantum ML superiority using the SABHQ method. We attempted to integrate QML
and ML using the Composite Integrated Performance Score Equation (CIPSE).

IS (A) =wnr - Svr +womr - Somr (A)

A {1,3,5,7,9} is the data averaging level (1 shows the ‘Total’ without averaging), Sy, is
the classical ML integrated score, Sgasr, is the quantum ML model evaluation metric
score at the averaging level A, and w),y, is the weighting factors reflecting priority.

The quantum advantage at the averaging level A can be calculated using

Qadv (A) = Somr (A) — Sur

o Accuracy Comparison o Precision Camparison g9 0.99
094 093 os als 88 : e~ Classical ML
091 v * 0.90 0.90 *~ QCNN
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Fig. 15 Comparison of evaluation metrics (QML and Classical ML)
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In case, Qudv (A) is greater than 0, then we can report that quantum ML outperforms
classical at the averaging level A. If Quq, (A) rises with A, then it indicates that the
SABHQ-treated dataset yields better QML advantage (Fig. 16).

4 Discussion

We systematically compared the XGBoost, LightGBM, CatBoost, SVM, and LDA with
quantum models, i.e., Quantum Convolutional Neural Network (QCNN) and Varia-
tional Quantum Circuit(VQC), to predict nitrate contamination in groundwater. Our
work resulted in a framework that harnesses metric normalization, SHAP-backed inter-
pretability, and averaging regimes that enabled both performance benchmarking and
task-driven interpretability. We observed that EC, Cl, HCO,, SO,, Na, TH, Latitude, and
Longitude are dominant predictors, and our work aligns with [28], which highlighted the
role of SHAP in interpretations. The quantum models exhibited advantages as sample
averaging increased, with F1 scores rising at the highest aggregation levels, consistently
exceeding the best classical models. We integrated normalized model scores and model
interpretability, which can protect the prediction process from overfitting and black-box
decision-making. Evaluation metrics (accuracy, recall, precision, F1) are augmented with
SHAP-derived feature importance, yielding an integrated score that can rank models,
which is not only for prediction capability but also throws light on validated predic-
tors. SHAP analysis consistently supports the relevance of major geochemical features,
making our work match the contemporary research works. We observed that averaging
regimes (Battery) significantly affect quantum models in terms of boosted performance
metrics through variance reduction and enhanced generalization. Hybrid classical-quan-
tum methods are being considered for actual deployment, leveraging quantum ML algo-
rithms for improved feature extraction and operational benefits, our work also supports
the notion and may be used as one of the methods to use quantum ML for groundwa-
ter studies [29]. This empirical quantum advantage aligns with the theoretical expecta-
tion that quantum circuits surpass at extracting patterns from aggregated input regimes.
We relied on a methodology that included stratified train-test splits and SHAP analysis,
regulating overfitting and statistical leakage. We managed to ensure no overlap or data

ML advantage over classical ML with varying averaging levels

-@- QCNN Advantage
0.45 VQC Advantage g

. Parity (No Advantage) 0.40
0.40 oi/_\"'//v

0.30

0.43 0.a3

Advantage Score

Total By 3 By S By 7 By 9
Averaging Level

Fig. 16 QML advantage



Mogaraju Discover Quantum Science (2026) 2:11 Page 16 of 19

Table 8 Leakage risk appraisal

Model type Average train accuracy Average test accuracy Overfittinggap  Risk (leakage)
Classical ML (best) ~0.85-0.9 ~0.8-0.85 Small to moderate Low
Quantum ML (QCNN) ~0.94-0.96 ~0.90-0.95 Small Low
Quantum ML (VQC)  ~0.87-0.88 ~0.86-0.90 Small Low

leakage between training and test sets using train-test splits and cross-validation. The
trained classical ML models have balanced train/test metrics (with negligible to no over-
fit), so leakage is likely low. The Quantum ML exhibited robust generalization with test
accuracies below train accuracies, which shows that there is no noticeable leakage. We
observed stable or gradually improving metrics with averaging, which indicates noise
reduction, but not leakage (Table 8). We believe that the effects of excessive averaging
must be considered prudently, as over-aggregation may blur fine-grained hydrochemical
variation critical for scientific assessment of groundwater quality. Developing explain-
able Al that integrates with QML could further increase reliability for deployment
scenarios on a large scale. We observed the superiority of QCNN under optimal aggre-
gation regimes (by 7 or by 9) that represent a significant leap in operational readiness for
quantum ML in environmental monitoring. We believe that the proposed framework
(ensemble ML, state-of-the-art QML, interpretability, and averaging battery) may be a
new standard for scientific modeling pipelines, applicable well beyond groundwater [30,
31], and can extend to soil assessment, biodiversity, and spectral analysis.

In the case of qubit scalability, our study uses 4 - qubit circuits. The contemporary
cloud quantum hardware supports this scale but has some inflections as to the barren
plateaus in deeper ansitze and constrained connectivity, preventing complete pooling
patterns. The proposed framework and the results we obtained may or may not yield the
same results on actual quantum hardware, as there may be inclusion of gate errors and
readout errors. We propose that the observed simulation advantages may yield promis-
ing directionality but may demand a 10-20% performance margin for hardware viability.

5 Conclusion

We initially worked towards finding whether classical machine learning models are
being challenged by quantum machine learning models. Through this study, we devel-
oped a rigorous and interpretable framework for groundwater quality classification by
integrating state-of-the-art classical machine learning (ML) models with advanced
quantum machine learning (QML) models such as the Quantum Convolutional Neu-
ral Network (QCNN) and Variational Quantum Circuit (VQC). We employed a com-
prehensive multi-metric evaluation regime that included key evaluation metrics like
accuracy, precision, recall, and F1-score, along with SHAP-based interpretability, and
our methodology balances empirical predictive performance with scientific validity
grounded in established hydrogeochemical information. We observed that the Quantum
models, particularly QCNN, exhibited a significant performance advantage when the
dataset was aggregated via averaging regimes (by 3, 5, 7, or 9). We find that the QCNN
inherent architecture, leveraging quantum entanglement and non-classical correlations,
permits noise suppression, variance reduction, and feature disentanglement that is criti-
cal/useful in highly noisy and aggregated environmental datasets. We observed that the
VQC model also improved with averaging but lagged behind QCNN, indicating QCNN
predominance for robustness and balanced performance in prediction tasks requiring
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relatively high sensitivity. We noticed that the data averaging was not merely a prepro-
cessing step but was an essential enabler of quantum advantage, which effectively ampli-
fied QML performance while preserving interpretability and environmental validity
of predictions. We suggest that extreme aggregation risks over-smoothing, which may
mask localized or transient groundwater anomalies vital for environmental monitoring.
We operated on a balanced approach while working towards designing a framework,
and our balanced framework supports informed model selection that may be tailored
to specific needs. We are aware that the current QML simulations and devices constrain
circuit depth and qubit count. We intend to further our work using quantum circuits
and hybrid classical-quantum architectures (integrating PennyLane, Qiskit, Cirq) to
comprehend complex hydrochemical interactions. We conclude that if advanced prob-
abilistic quantum models or Bayesian uncertainty estimation are used along with our
SABHQ framework, there will be enhanced risk assessment in contaminant detection
and anomaly forecasting. We also propose a word of caution while using QML and ML
frameworks through the following points. The sensitivity of a quantum circuit to input
states should be considered (because noise, bias, or preprocessing errors risk can spread
into model predictions). The cross-framework and model-type variations require cau-
tion due to the risk of overgeneralizing feature importance rankings. Actual quantum
hardware is still emerging, and if available, noise, decoherence, and limited qubit counts
restrict current QML deployment, making the simulation-derived results moderately
reliable when compared to actual practical implementations. Integrating quantum algo-
rithms into environmental monitoring systems involves heavy cost, infrastructure, and
expertise, necessitating stringent measures before scale deployment.
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