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The techniques used to characterize nanoparticles are important to the development 

of nanotechnology and materials science. Nevertheless, experimental optimization 

of a nanoparticle properties, including size, stability, and functionality, can be both 

inefficient and costly. In this study, a predictive framework, based on linear and 

logistic regressions is constructed, to derive predictive models to assess nanoparticle 

characteristics employing secondary experimental data sourced from literature and 

open-access repositories. In this case, linear regression is used to predict size-

dependent continuous outcomes, while logistic regression is applied to predict 

categorical outcomes, like stability. The models are trained on a portion of the 

dataset which is then held out for validation, and the models' performance is 

evaluated on metrics including mean squared error, R^2 score, accuracy, and 

confusion matrices. The regression models built achieved a good degree of accuracy, 

which demonstrates modeling based on regression can provide reliable outcomes 

which will save a chemist significant time in experimental optimal synthesis 

parameter trials. This demonstrates the value of cross-disciplinary intelligent 

modeling in nanoscience to improve the decision-making process to speed up the 

development of multifunctional nanoparticles. 
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1. Introduction 

Nanoparticles are dynamic materials in today's science due to their unique characteristics 

such as nanoscale size, particle size, dimensions, and exceptional surface area-to-volume ratio. A 

multitude of emerging and existing technologies in medicine, diagnostics, energy, and the 

environment are focused on these invaluable nanoscale building blocks as of now. Despite the PhD 

nanoscale science and engineers of materials setting the standard in the performance of such building 

blocks, the controlled synthesis factors of constituent reactants, temperature, and reaction time can be 

costly, labor intensive, and time consuming. 

As of late, machine learning and other data analytic tools have gained momentum for their 

success in predicting the properties of certain materials and shaping parameters for other materials. 

For these, inter and intra material relations such as concentration, temperature, and time in control of 

a reaction to achieve a granular particle, or the capturing of nanoparticles-dispersed fluid into a phase 

or the drying of a liquid, can and have become a target for various models of regression, be it linear or 

logistic. Out of these, straightforward outcomes such as particle size and yield are suited for the 

former, in contrast to phase capture and stability which are aligned to the later. 

Using widely available publications, as well as internal and external, unpublished research 

data, constructed experimental databases. Relative importance of grain boundaries and size effects in 

mailto:mhaske.math@gmail.com
mailto:ashwinighumare1996@gmail.com,amitnalavde97@gmail.com


Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons 

Attribution License which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is 

properly cited. 

 

Journal of Information Systems Engineering and Management 
2024, 9(4s) 

e-ISSN: 2468-4376 
https://www.jisem-journal.com/ Research Article  

 

 3819 

 

thermal conductivity of nanocrystalline materials introduced by ([Dong, Wen, & Melnik, 2014). 

(Albanese, Tang, & Chan, 2012) studied and gives the result on the effect of nanoparticle size, shape, 

and surface chemistry on biological systems. Nanotoxicology: exposure, mechanism, and effects on 

human health. in new frontiers in environmental toxicology introduced by  (John, Wadhwa, & 

Mathur, 2022). (James, Witten, Hastie, & Tibshirani, 2021) gives the finding and new approach based 

on linear regression which involve an introduction to statistical learning: with applications in R. 

 

2. Basic Definition 

2.1 Nanoparticles: The high surface area to volume ratio makes nanoparticles distinct from bulk 

materials and lets them exhibit unique chemical, physical, and biological properties compared to bulk 

materials. They are particles, each with at least one dimension in the range of 1 to 100 nanometers. 

2.2 Synthesis Parameters: The experimental conditions which include temperature, concentration 

of each individual reactant, pH, and the time reaction takes are classed as synthesis parameters and 

are critical to the formation, size, and stability of the nanoparticles. 

2.3 Particle Size: These individual nanoparticles, which are each 1 nanometer in diameter, possess 

critical size dimensions. This size dimension is known as particle size. Reactivity and stability are 

major aspects which particle size defines, as well as performance in use. 

2.4 Nanoparticle Stability: Nanoparticle stability is the ability to resist the actions of aggregation, 

chemical degradation, and sedimentation for a given period of time, and under specified conditions. 

This remains as an untapped area of study, and constant research is required to prove mechanisms of 

acquiring resistance are present. 

2.5 Secondary Data: By definition, secondary data is the information derived from published 

records, experimental data, and open-access databases made accessible for the community, rather 

than information from new experimental data. 

2.6 Linear regression: Syntheses parameters within which the constrictions of the particle size are 

placed remains as 1 and 100 nanometers. From a set of 1 or more independent variables, it is possible 

to determine 1 dependent variable, in this case particle size, having the ability to apply a constriction 

to measure. This method is known as linear regression. 

2.7 Logistic Regression: Logistic Regression is strategically configuring (within a one-to-one 

function) the probability of a binary outcome variable (like the stabilization of a nanoparticle which is 

either stable or unstable) and one or more variables that predicts them, using the sigmoid function. 

2.8 Mean Squared Error (MSE): MSE is a metric that quantifies how much a regression model 

‘misses the mark’ or lacks precision. It is the average of the squared variations of a given amount and 

the amount expected of a continuous variable. 

2.9 R² Score (Coefficient of Determination): The R2 score calculates the amount of variation 

that a dependent variable has which is ‘explained’ by the independent variables within a regression 

model. Conversely, it's a measure of how well a regression model ‘fits’ or predicts the outcome. 

2.10 Confusion Matrix: A confusion matrix is a chart that analyzes the performance of a 

classification model with respect to true positives, false positives, false negatives, and true negatives. 

 

3. Methodology  

3.1 Data Collection:  From published literature, freely available databases of nanoparticles, and 

experimental data sets, secondary data collection was performed. The dataset features synthesis 

parameters and the corresponding nanoparticle properties as targets which are specified below: 

Independent variables: Temperature (°C), pH, Reaction time (minutes), and Reactant Concentration 

(M). 

3.2 Dependent variables:  Particle Size (nm) - Linear Regression and Stability (0 - unstable, 1 - 

stable) - Logistic Regression 
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3.3 Data Preprocessing: For the following parameters, missing values are defined as Imputing the 

mean or median: Data normalization: standardization of zero mean and unit variance is optional. 

Data splitting: training and test sets (relevant for larger sets). 

3.4 Linear Regression Model: Linear regression associates the particle size with the synthesis 

parameters like: 

       𝑦 =  𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + 𝛽3𝑋3 + 𝛽4𝑋4 + − − − + 𝛽𝑛𝑋𝑛 + 𝑒 

The value of coefficient 𝛽𝑖 calculated using the following normal equation 

         𝛽 = (𝑋𝑇𝑋)−1(𝑋𝑇𝑋) 

3.5 Logistic Regression Model:    Logistic regression is used to predict binary outcomes: 

                      𝑃(𝑦 = 1|𝑥) =  
1

(1+𝑒−𝑧)
   

      where  𝑧 =  𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + 𝛽3𝑋3 + 𝛽4𝑋4 +  − − − + 𝛽𝑛𝑋𝑛 + 𝑒 

5. Machine Learning Approach: Model is generated using python programming. Pandas for data 

handling. Scikit -learn for regression and evaluation. Seaborn and Matplotlib libraries for 

visualization.   

 

4. Numerical Example 

For 5 simulated experiments: 

                  Table 4.1: Secondary data for linear and logistic regression for training model   

 

 

Linear regression model: 

Consider the linear equation 

𝑦 =  𝛽0 + 𝛽1 ∗ 𝑇𝑒𝑚𝑝 + 𝛽2 ∗ 𝑃𝐻 + 𝛽3 ∗ 𝑇𝑖𝑚𝑒 + 𝛽4 ∗ 𝑐𝑜𝑛𝑐 

Assuming coefficients: 𝛽 = [−5.00,0.30,0.50,0.20,10.0] 

Predicted particle size for Experiment 3:  

𝑦̂ = −5 + (0.3 ⋅ 55) + (0.5 ⋅ 7.5) + (0.2 ⋅ 40) + (10 ⋅ 0.15) 

Simplify              𝑦̂ = −24.75 nm 

Logistic Regression: 

Assuming coefficients: 𝛽 = [−10.00,0.20,1.00,0.10,50.0] 

Predicted probability of stability for Experiment 2: 

𝑧 = −10.00 + (0.20 ∗ 60) + (1.00 ∗ 60.00) + (0.10 ∗ 45.00) + (50.00 ∗ 0.20) = 22.50  

𝑃(𝑦 = 1) =
1

1 + 𝑒−22.50
≈ 0.999 ≈ 1 ⇒ 𝑆𝑡𝑎𝑏𝑙𝑒  

5. Python Program: Python program to Modeling Using Linear and Logistic Regression Model on 

Secondary Experiential Data  

             import pandas as pd  # Included pandas library for analysis of data  

Temp pH Time Conc Particle Size 

50.00 7.00 30.00 0.10 20.00 

60.00 6.00 45.00 0.20 25.00 

55.00 7.50 40.00 0.15 22.00 

65.00 6.50 50.00 0.25 28.00 

52.00 7.00 35.00 0.12 21.00 
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import numpy as np  # Numpy library for numerical calculation 

from sklearn.linear_model import LinearRegression, LogisticRegression # sklearn library  

from sklearn.metrics import mean_squared_error, r2_score, accuracy_score, 

confusion_matrix  

import matplotlib.pyplot as plt        # For visualization of matplotlib  

import seaborn as sns                      # seaborn library for visualization  

data = { 

    'Temp': [50, 60, 55, 65, 52],  #list values for Temperature 

    'pH': [7, 6, 7.5, 6.5, 7],    #list values for PH 

    'Time': [30, 45, 40, 50, 35],  #list values for Time 

    'Concen': [0.1, 0.2, 0.15, 0.25, 0.12], #list values for Concentration  

    'Part': [20, 25, 22, 28, 21], #list values for particle size 

    'Stab': [1, 0, 1, 0, 1] #list values for stability 

}  

df = pd.DataFrame(data)  # dataframe for tabular form  

X = df[['Temp','pH','Time','Concen']]  # created dataframe  

y_size = df['Part']    # created dataframe for particle size  

y_stability = df['Stab'] # created dataframe stability  

lin_model = LinearRegression() # created object of linear regression 

lin_model.fit(X, y_size)  # trained data  

df['PredictedSize'] = lin_model.predict(X) # Prediction for accuracy  

log_model = LogisticRegression() # Created object for logistic regression  

log_model.fit(X, y_stability) # Trained the given data  

df['PredictedStability'] = log_model.predict(X) # prediction for new data  

df['StabilityProb'] = log_model.predict_proba(X)[:,1] # Calculated probability  

print("Linear Regression R2:", r2_score(y_size, df['PredictedSize'])) 

print("Logistic Regression Accuracy:", accuracy_score(y_stability, df['PredictedStability'])) 

print("Confusion Matrix:\n", confusion_matrix(y_stab, df['PredictedStability'])) # Matrix 

plt.figure(figsize=(6,5)) 

sns.scatterplot(x='ParticleSize', y='PredictedSize', data=df, s=100, color='blue') # sactterplot 

plt.plot([min(df['ParticleSize']), max(df['ParticleSize'])], 

         [min(df['ParticleSize']), max(df['ParticleSize'])], 

         color='red', linestyle='--', label='Ideal Prediction') 

plt.xlabel("Actual Particle Size (nm)") # x-axis label  

plt.ylabel("Predicted Particle Size (nm)") # y-axis label  

plt.title("Linear Regression: Actual vs Predicted Particle Size") # Title of the graph 

plt.figure(figsize=(6,5)) 

sns.barplot(x=df.index, y='StabilityProb', data=df, palette='viridis') 

plt.scatter(df.index, df['Stability'], color='red', marker='o', label='Actual Stability') 

plt.xlabel("Experiment Index") 

plt.ylabel("Predicted Stability Probability") 

plt.title("Logistic Regression: Predicted Stability Probabilities") 

plt.legend() 

plt.show() 

plt.figure(figsize=(6,5)) 

sns.heatmap(df[['Temperature','pH','Time','Concentration','ParticleSize']].corr(), 

            annot=True, cmap='coolwarm') 

plt.title("Correlation Heatmap") 

from sklearn.metrics import roc_curve, auc 

y_true = y_stability #  
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y_scores = df['StabilityProb']  # predicted probabilities from logistic regression 

fpr, tpr, thresholds = roc_curve(y_true, y_scores)  

roc_auc = auc(fpr, tpr) 

plt.figure(figsize=(6,5))# figure size 

plt.plot(fpr, tpr, color='blue', lw=2, label='ROC curve (AUC = %0.2f)' % roc_auc)  

plt.plot([0,1], [0,1], color='red', linestyle='--')  # red line for data prediction  

plt.xlim([0.0,1.0])  #x-axis range  

plt.ylim([0.0,1.05]) #y-axis range  

plt.xlabel('False Positive Rate') #X-axis label  

plt.ylabel('True Positive Rate') # Y axis label  

plt.title('Logistic Regression: ROC Curve') # title of the figure  

plt.legend(loc="lower right") # legend command for description  

plt.show()  # To show the plot 

  
Fig. 5.1 Linear Regression Curve Fig. 5.2 Linear Regression predicted stability  

probabilities 

 

  
Fig. 5.3 Correlation Hitmap Fig. 5.1 Logistic Regression Curve 

 

6. Conclusion 

This study shows that linear and logistic regression can effectively be applied to predict 

different properties of nanoparticles based on secondary experimental data. This approach is useful 

for chemists in making informed decisions regarding data integration and minimizing empirical trials. 
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Linear regression captured the effect of the synthesis parameters on the size of the particles while 

logistic regression classified the stability of the nanoparticles. Chemists and researchers have a faster 

way to approach the development of nanoparticles by using regression analysis in nanotechnology 

research. It also works to developing economic policies on nanotechnology.  
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