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Abstract: This study presents a comprehensive quantitative study of the conductance of metal halides and
nitrates in binary solvent systems, investigating how solvent composition, electrolyte concentration, and
temperature collectively affect the electrical conductivity. Metal halides, including chlorides, bromides, and
iodides of alkali and alkaline earth metals, exhibit characteristic nonlinear conductivity variations arising from
the differential solvation of cations and anions by binary solvent components. Metal nitrates demonstrate
unique behavior due to the displaced charge distribution of the polyatomic nitrate ion and extensive hydrogen
bonding capabilities in protic solvents. The experimental dataset contains forty-six observations covering metal
halide concentrations from 0.1000 to 0.5900 mol/L, metal nitrate concentrations from 0.0500 to 0.3000 mol/L,
solvent ratios from 18.0000 to 118.0000, temperatures from 24°C to 74°C, and resulting conductivity values
from 2.7000 to 9.4000 mS/cm. Machine learning approaches, specifically slope-increasing regression and
random forest regression, were used to predict solvent ratio effects on conductance measurement behavior.
Both models showed exceptional predictive performance, achieving R? values of 1.0000 for the gradient
boosting training and 0.9885 for the test data, while random forests achieved R? values of 0.9992 and 0.9934,
respectively, confirming strong generalization capabilities and minimal overfitting.

Key Words: Conductometry, metal halides, metal nitrates, binary solvents, slope-increasing regression,
random forest regression, ion-solvent interactions.

1. INTRODUCTION

Conductivity measurement analysis of metal halides and nitrates in binary solvent systems represents a fundamental
research area in solution chemistry, providing important insights into ion-solvent interactions, solution dynamics, and
the dissociation behavior of electrolytes. Binary solvent systems, composed of two miscible solvents with different
dielectric constants and polarities, provide a unique platform for investigating how solvent composition affects the
electrical conductivity of dissolved ionic compounds. [1] This comparative study examines the unique conductivity
measurement behaviors exhibited by metal halides and nitrates in various binary solvent combinations, revealing the
complex interplay between the ionic species and their surrounding solvent environment. Metal halides, particularly
the chlorides, bromides, and iodides of alkali and alkaline earth metals, demonstrate characteristic conductivity
measurement patterns that are highly sensitive to solvent composition.[2] In binary mixtures such as water-methanol,
water-ethanol, or water-acetonitrile, the molar conductivity of metal halides typically exhibits nonlinear variations
with changing solvent ratios. This behavior arises from the differential solvation of cations and anions by the two
solvent components.[3] Large halide ions, especially iodide and bromide, show preferential solvation by the less polar
component in many binary systems, while smaller metal cations interact more strongly with the more polar solvent.
This preferential solvation leads to asymmetric ion mobility and results in conductivity maxima or minima in specific
solvent mixtures, phenomena that cannot be predicted by simple linear mixing rules.[4] In contrast, metal nitrates
present a different conductivity profile in binary solvent systems. The nitrate ion exhibits unique solution properties
compared to polyatomic halide ions with a shifted charge distribution. Metal nitrates typically exhibit high molar
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conductivity in polar solvent-rich regions due to strong ion-dipole interactions between the nitrate ion and polar
solvent molecules. [5S] The planar geometry of the nitrate ion allows for multiple coordination sites, facilitating
extensive hydrogen bonding in protic solvents such as water and alcohols. This structural feature contributes to
enhanced ionic mobility in some binary mixtures. Furthermore, the degree of ionic-bonding in metal nitrate solutions
varies significantly with solvent composition, especially in systems where the dielectric constant changes dramatically
over the composition range. [6] The temperature dependence of the conductivity in these systems reveals additional
complications in ion-solvent interactions. Metal halides typically exhibit an Arrhenius-type temperature dependence,
with activation energies that vary systematically with solvent composition. [7] The activation energy for ion transport
often reaches a maximum in intermediate solvent compositions, which corresponds to the most disordered region of
the solvent system. [8] However, metal nitrates may exhibit more complex temperature dependences due to the
temperature-sensitive nature of the hydrogen bonding networks and the potential for structural rearrangements within
the solution shell of the nitrate ion. The effect of ion size is particularly evident when comparing different metal halides
in the same binary solvent system. [9] For example, lithium halides show significantly different conductance
measurement behavior compared to cesium halides due to the dramatic size difference between these cations. [10]
Smaller cations with higher charge densities form more ordered solution shells, leading to lower ion mobilities and
distinct conductivity patterns. [11] Halide ion size also plays an important role, with larger halides showing greater
sensitivity to changes in solvent polarity. [12] This size-dependent behavior is less pronounced in nitrate systems,
where the bulky nitrate ion dominates the solution kinetics regardless of the accompanying cation. [13] The practical
applications of these cation measurement studies extend to many fields, including electrochemistry, analytical
chemistry, and industrial processes. [14] Understanding how metal halides and nitrates conduct electricity in binary
solvents is essential for optimizing electrolyte formulations in batteries, designing extraction processes, and
developing analytical methods for ion determination. The fundamental knowledge gained from comparative
conductometric studies helps predict the behavior of more complex multi-component systems and develop theoretical
models of electrolyte solutions.[15]

2. MATERIALS AND METHOD

Gradient-boosting regression: Gradient-boosting regression is a powerful machine learning ensemble technique that
builds predictive models by sequentially combining multiple weak learners, typically decision trees, to form a stronger
predictor. Unlike traditional regression methods that build a single model, gradient-boosting adopts an additive
strategy where each new model is trained to correct for the residual errors of the previous ensemble. This iterative
approach starts with a simple initial prediction, often the average of the target values, and gradually adds trees that
minimize the loss function through gradient descent optimization in the function space. The basic principle of the
algorithm involves computing the negative slope of the loss function with respect to the current predictions, which
indicates the direction of the steepest slope towards optimal performance. Each subsequent tree is fitted to these
pseudo-residuals instead of the original target values, effectively learning patterns in the prediction errors. The
contribution of each tree is then scaled by a learning rate parameter, which controls the step size and helps prevent
overfitting by minimizing the influence of individual trees. This regularization algorithm ensures model generalization
to unobserved data. Gradient boosting regression excels at handling complex nonlinear relationships, mixed data
types, and missing values without extensive preprocessing. Popular implementations include XG Boost, Light GBM,
and Cat Boost, which include additional enhancements such as regularization rules, efficient tree construction
algorithms, and parallel processing capabilities. These enhancements have made gradient boosting a dominant
approach in domains ranging from financial forecasting to bioinformatics, consistently achieving state-of-the-art
performance in predictive modeling competitions and real-world applications.

Random Forest Regression: Random Forest Regression is an ensemble machine learning algorithm that combines
multiple decision trees to produce robust and accurate predictions for continuous target variables. Developed by Leo
Breman in 2001, the method uses the wisdom of the crowd principle by combining predictions from a large number
of independent trees, each trained on a different subset of the data and features. The final prediction is obtained by
averaging the outputs of all individual trees, which significantly reduces the variance and the overfitting problem
typically associated with single decision trees. The algorithm uses two main randomization techniques to ensure
diversity between the trees in the table. First, bootstrap aggregation or bagging generates different training datasets by
randomly sampling observations with replacement from the original data. Each tree is trained on these unique
bootstrap models, which are exposed to different patterns and relationships. Second, at each node split, only a random
subset of features is considered rather than all available predictors during tree construction. This feature randomization
prevents the dominant variables from consistently appearing in all trees at the initial split, thereby reducing correlation
between trees and improving overall model generalization. Random forest regression offers several practical
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advantages, including robustness to outliers, the ability to handle high-dimensional data, automatic feature correlation
detection, and minimal hyperparameter tuning requirements. The algorithm naturally provides feature importance
scores by measuring how much each variable contributes to reducing prediction error across all trees. These properties
have established random forests as a reliable and interpretable method widely used in finance, healthcare,
environmental modeling, and many other domains where accurate regression predictions are required.

Materials: Conductometric studies use metal halides and metal nitrates as primary electrolytes dissolved in binary
solvent systems to investigate their electrical conductivity behavior. Metal halides represent a class of ionic
compounds formed between metals and halogen elements, typically including chlorides, bromides, and iodides of
alkali metals such as sodium and potassium, or alkaline earth metals such as calcium and magnesium. These
compounds readily dissociate in polar solvents, releasing metal cations and halide anions that act as charge carriers.
The choice of specific metal halides depends on their solubility properties and the ionic strength range required for
the study. Metal nitrates are another important class of electrolytes used in this study, including compounds in which
metal cations are coupled to polyatomic nitrate anions. Common examples include sodium nitrate, potassium nitrate,
and calcium nitrate, all of which exhibit high solubility in water and mixed solvent systems. The structure of the nitrate
ion, which has a vibrationally stabilized charge distribution, provides unique solubility properties that differ
significantly from those of simple halide ions. Binary solvent systems typically consist of water combined with organic
co-solvents such as methanol, ethanol, acetonitrile, or dimethyl sulfoxide. Water acts as the more polar component
with excellent solvation capacity for ionic compounds, while the organic solvent provides a means to systematically
vary the dielectric constant and polarity of the medium. Temperature control equipment maintains precise thermal
conditions, while conductivity meters with platinum electrodes measure the electrical conductivity of solutions at
various solvent ratios, enabling a detailed analysis of ion-solvent interactions.

3. ANALYSIS AND DISCUSSION

This dataset provides experimental conductance measurements for metal halides and metal nitrates in binary solvent
systems. The first two columns represent the molar concentrations of the metal halide and metal nitrate, respectively,
ranging from 0.0100 to 0.5900 molar units. The solvent ratio column represents the volumetric ratio of the two solvents
in the binary mixture, which varies from 18.0000 to 118.0000, reflecting the different solvent compositions used
throughout the study. Temperature measurements, recorded in degrees Celsius, range from 24.0000°C to 74.0000°C,
demonstrating the investigation of thermal effects on ionic conductivity. The final column shows the conductivity
values measured in appropriate units, ranging from 2.7000 to 9.4000, indicating the electrical conductivity of each
solution under the specified conditions. The dataset contains fifty-four experimental observations, systematically
examining how concentration, solvent composition, and temperature collectively affect the conductivity measurement
behavior of these electrolyte systems. This extensive data enables the analysis of ion-solvent interactions and solvation
phenomena.

TABLE 1. Conductivity of Metal Halides and Nitrates in Binary Solvents Descriptive Statistics

Metal Metal Solvent
Halide Nitrate Ratio (A: | Temperature | Conductivity
(mol/L) (mol/L) B) (°C) (mS/cm)
count 46.0000 46.0000 46.0000 46.0000 46.0000
mean 0.3315 0.1670 65.1739 47.5652 6.0652
std 0.1432 0.0733 29.4175 14.7673 1.9871
min 0.1000 0.0500 18.0000 24.0000 2.7000
25% 0.2125 0.1025 40.5000 35.2500 4.4500
50% 0.3250 0.1650 63.5000 46.5000 6.1500
75% 0.4475 0.2275 89.5000 59.7500 7.7500
max 0.5900 0.3000 | 118.0000 74.0000 9.4000

Table 1 shows the Descriptive statistics summarize conductometric measurements obtained from forty-six
experimental observations investigating metal halides and nitrates in binary solvent systems. The metal halide
concentration averaged 0.3315 mol/L, indicating moderate variation across experiments with a standard deviation of
0.1432, while the metal nitrate concentrations showed lower mean values at 0.1670 mol/L, with a correspondingly
smaller standard deviation of 0.0733. This indicates that metal halides were investigated in approximately twice the
concentration of nitrates throughout the study. The solvent ratio, which represents the volumetric ratio of components
A to B, showed considerable variation with a mean of 65.1739 and a standard deviation of 29.4175, ranging from
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mixtures that were completely A-rich (18.0000) to B-rich (118.0000). The temperature measurements show a mean of
47.5652°C from 24°C to 74°C, showing a systematic thermal variation. The resulting conductivity values show a
mean of 6.0652 mS/cm with a standard deviation of 1.9871, reflecting the combined influence of concentration,
solvent composition, and temperature on the ion mobility and electrolyte dissociation behavior in these binary systems.
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FIGURE 1. Conductivity of Metal Halides and Nitrates in Binary Solvents Effect of Process Parameters

Figure 1 Effect of Process Parameters on Conductivity in Binary Solvents Detailed pair plot matrix illustrates the
relationships between metal halide concentration, metal nitrate concentration, solvent ratio, temperature, and
conductivity. The diagonal histograms reveal the distribution patterns of each variable, with metal halide
concentrations showing a relatively uniform distribution over the range, while metal nitrate shows a small
concentration towards lower values. The scatter plots show strong positive linear correlations between most variables
and conductivity, indicating that increasing electrolyte concentrations, solvent ratio, and temperature all contribute to
improved ionic conductivity. Of particular note is the tight linear relationship between metal halide and metal nitrate
concentrations with conductivity, suggesting a predictable dose-response behavior. Solvent ratio and temperature show

Copyright@ REST Publisher

4



Rakesh Ranjan Raj / Journal on Applied and Chemical Physics, 4(3), September 2025, 1- 10

clear positive trends with conductivity, confirming that specific solvent compositions enhance charge transport while
higher temperatures facilitate ionic mobility. These visualizations effectively capture the heterogeneous nature of
conductor measurement behavior in binary solvent systems.
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FIGURE 2. Conductivity of Metal Halides and Nitrates in Binary Solvents Correlation heatmap

Figure 2 Correlation heat map of conductivity parameters. The correlation heat map provides a quantitative assessment
of the linear relationships between all variables measured in the conductivity measurement study. The color intensity
indicates the Pearson correlation coefficients ranging from light (weak correlation around 0.995) to dark green (perfect
correlation of 1.000). The metal halide and metal nitrate concentrations show strong positive correlations of 0.99 with
conductivity, confirming their dominant influence on charge transport. The solvent ratio and temperature exhibit
perfect correlations with themselves (1.00) and nearly perfect correlations with conductivity (1.00), demonstrating
their important roles in determining solution conductivity. In particular, all independent variables show high
intercorrelations, indicating a systematic experimental design in which the parameters vary proportionally. Consistent
high correlation values (>0.99) across the matrix indicate that all measured parameters contribute meaningfully to the
conductivity variations, with minimal confounding effects. This strong multicollinearity confirms the complex
interdependence of concentration, solvent composition, and thermal conditions in governing electrolyte behavior.

TABLE 2. Performance Metrics of Gradient Boosting Regression for Solvent Ratio (A: B)
Model Data R2 EVS MSE | RMSE | MAE | Max Error | MSLE | Med AE
Gradient Boosting | Train | 1.0000 | 1.0000 | 0.0000 | 0.0000 | 0.0000 0.0000 | 0.0000 0.0000
Regression Test | 0.9885 | 0.9888 | 7.2835 | 2.6988 | 2.3127 5.0181 | 0.0035 2.0000
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Table 2 Performance of the slope-increasing regression for solvent ratio prediction. The performance metrics reveal
the exceptional predictive ability of the slope-increasing regression model for estimating solvent ratio in binary
systems. The training data results demonstrate that both R? and the explained variance score (EVS) reach 1.0000,
while all error metrics (MSE, RMSE, MAE, maximum error, MSLE, and average AE) record zero values. This
indicates that the model fully captures patterns and relationships within the training dataset with no residual errors.
The test data performance is remarkably robust, with an R? of 0.9885 and an EV'S of 0.9888, indicating that the model
explains approximately 98.85% of the variance in the unobserved data. The root means square error (RMSE) of 2.6988
and the mean absolute error (MAE) of 2.3127 indicate relatively small deviations considering the range of solvent
ratio range from 18 to 118 units. The maximum error of 5.0181 and the mean absolute error of 2.0000 further confirm
the stable predictions. The minimum mean square logarithmic error (MSLE) of 0.0035 demonstrates excellent
performance across all size ranges, confirming the strong generalization ability of the model to predict solvent
composition effects.
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FIGURE 3. Gradient Boosting Regression Training Results for Solvent Ratio (A: B)

Figure 3 Slope-increasing regression training results for solvent ratio. The training data scatterplot demonstrates the
exceptional predictive accuracy of the slope-increasing regression model, with predicted values aligning almost
perfectly on the diagonal reference line. The data points span the entire solvent ratio range from approximately 20 to
120 A: B, showing no systematic deviations or biases at different ratio scales. The tight clustering along the best
prediction line reflects the model’s ability to capture the complex nonlinear relationships and interactions between
metal halide concentration, metal nitrate concentration, temperature, and conductivity. The absence of outliers or
scattered points indicates that the group learning approach successfully reduced training errors through iterative
residual correction. While this perfect fit demonstrates robust learning ability, careful evaluation of test data
performance is necessary to ensure that the model has not merely memorized the training patterns, but has truly learned
the general relationships that govern solvent ratio effects on behavioral measurement behavior in these binary systems.
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FIGURE 4. Gradient Boosting Regression Testing Results for Solvent Ratio (A: B)

Figure 4 Slope-increasing regression test results for solvent ratio. The experimental data visualization reveals strong
predictive performance in the missing observations, with predicted solvent ratios closely tracking the true values on
the diagonal. While maintaining strong overall agreement, the experimental predictions show slightly more scatter
compared to the training data, which is expected and indicates healthy model generalization rather than overfitting.
Most of the data points are tightly clustered around the best prediction line over the entire range, although small
deviations appear at some intermediate ratios between 40-60 A: B and 80 A: B. These small discrepancies may reflect
natural experimental variation or subtle nonlinear interactions that the model has estimated rather than learned
correctly. The maximum prediction error is within approximately 5 units over the 100-unit range, indicating good
practical accuracy. Consistent performance at low, medium, and high solvent ratios demonstrates the model's ability
to interpolate effectively across the experimental domain, confirming slope incrementation as a reliable approach for
predicting solvent mixing effects.

TABLE 3. Performance Metrics of Random Forest Regression for Solvent Ratio (A: B)

Model Data R2 EVS MSE | RMSE | MAE | Max Error | MSLE | Med AE
Random Forest | Train | 0.9992 | 0.9992 | 0.7480 | 0.8649 | 0.6446 2.4750 | 0.0005 0.5050
Regression Test 0.9934 | 0.9939 | 4.1619 | 2.0401 | 1.6945 3.9100 | 0.0024 1.2150

Table 3 Random Forest Regression Performance for Solvent Ratio Prediction. The random forest regression model
for solvent ratio estimation in binary systems demonstrates excellent predictive performance. The training data results
show a near-perfect fit of both R? and explained variance score at 0.9992, explaining 99.92% of the variance. The
training errors are very low with an RMSE of 0.8649, an MAE of 0.6446, and a maximum error of 2.4750, indicating
that the model has effectively learned the underlying patterns while maintaining small residual errors suggesting
appropriate regularization without overfitting. The test data performance confirms the strong generalization ability,
achieving an R? of 0.9934 and an EVS of 0.9939, demonstrating that the model accurately predicts 99.34% of the
variance in the unobserved observations. The RMSE of 2.0401 and MAE of 1.6945 indicate small prediction
deviations over the solvent ratio range. The maximum error of 3.9100 and the mean absolute error of 1.2150 confirm
consistent predictions across the dataset. The exceptionally low MSLE of 0.0024 indicates reliable performance across
all size ranges. Comparison of train-test measurements reveals minimal performance degradation, confirming the
robustness and good generalization of the model without significant overfitting issues.
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FIGURE 5. Random Forest Regression Training Results for Solvent Ratio (A: B)

Figure 5 Random forest regression training results for solvent ratio. The random forest training predictions show a
nearly perfect alignment with the actual solvent ratios, with the data points forming a tight linear arrangement along
the diagonal reference line. The predictions span the complete experimental range from 20 to 120 A: B with minimal
scatter, demonstrating that the ensemble of decision trees effectively captured the relationships between input features
and solvent composition. The small residual errors visible in the training data indicate the inherent regularization of
random forests through bootstrap aggregation and feature randomization, unlike the perfect fit often seen in single
decision trees. This controlled learning prevents the need to fully memorize the training patterns while maintaining
high accuracy. The consistent prediction quality across all ratio sizes suggests balanced tree contributions across the
feature space, with no particular region showing preferential learning. The minimal but non-zero training error reflects
the robust structure of the model, which naturally trades some training completeness for improved generalization
ability.
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FIGURE 6. Random Forest Regression Testing Results for Solvent Ratio (A: B)
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Figure 6 Random forest regression test results for solvent ratio. The experimental data predictions show excellent
generalization with predicted values closely following the actual solvent ratios on the diagonal line. The scatter plot
exhibits slightly increased variance compared to the training data, especially noticeable in the intermediate ratios
between 40-70 A: B, where some predictions deviate by approximately 2-4 units. However, the overall prediction
accuracy is impressive across the entire domain, with most points falling within narrow confidence bounds around the
ideal line. The ensemble approach of the random forest effectively averages individual tree predictions, smoothing out
possible overfitting from any single tree, and producing stable estimates. At extreme ratio values (below 30 and above
100) the predictions show particularly strong agreement with the actual values, reliably indicating extrapolation
towards the model domain boundaries. The balanced performance across all ratio ranges confirms the effectiveness of
the random forest for predicting solvent composition effects in behavioral measurement studies of metal halides and
nitrates.

4. CONCLUSION

This comparative conductometry study successfully elucidated the complex relationships governing the electrical
conductivity of metal halides and nitrates in binary solvent systems through systematic experimental investigation and
advanced machine learning analysis. The research confirmed that metal halides and nitrates exhibit distinctly different
conductometry profiles arising from their structural differences, with halide ions showing preferential solvation by
less polar components, while polyatomic nitrate ions demonstrate enhanced mobility through extensive hydrogen
bonding networks. Strong positive correlations between electrolyte concentrations, solvent composition, temperature,
and conductivity confirm the diversity of ion-solvent interactions in binary systems. Machine learning models proved
exceptionally effective in predicting solvent ratio effects, with slope-increasing regression achieving nearly perfect
training performance and 98.85% variance explanation in experimental data, while random forest regression
demonstrated comparable accuracy with 99.34% experimental variance explanation. Minimal performance
degradation between training and testing phases ensures robust model generalization without overfitting. These
findings provide fundamental insights into electrolyte behavior that are essential for optimizing battery electrolyte
formulations, designing extraction processes, and developing analytical methods. Integrating traditional
conductometric techniques with contemporary machine learning approaches establishes a powerful framework for
understanding and predicting complex solution chemistry phenomena in multi-component systems.
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