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Abstract—Accurate yet interpretable forecasting remains a 
major challenge in data-driven price and policy decision-
making, as many machine learning models prioritize predictive 
performance while offering limited transparency. To address 
this gap, this study proposes an integrated Explainable Artificial 
Intelligence (XAI)—enabled machine learning framework for 
dual predictive modelling across two economically significant 
domains: automotive valuation and agricultural price policy. 
The framework simultaneously predicts car goodwill values and 
crop Minimum Support Prices (MSP), enabling cross-domain 
analysis while maintaining model interpretability. Comparative 
experiments are conducted using multiple machine learning 
techniques, including linear and ensemble-based models, 
applied to automotive and agricultural datasets. Ensemble 
methods demonstrate superior predictive capability in both 
domains. To enhance transparency and stakeholder trust, XAI 
techniques are incorporated to explain model behaviour and 
identify key influencing factors. The analysis shows that 
depreciation and brand-related attributes play a dominant role 
in car goodwill valuation, whereas climatic and cost-related 
factors significantly influence MSP predictions. The results 
confirm that integrating XAI with machine learning improves 
both predictive reliability and interpretability, transforming 
black-box models into actionable decision-support systems. The 
proposed dual predictive framework offers a scalable and 
transparent approach for market optimization and policy 
evaluation, highlighting the practical value of explainable AI in 
strategic economic planning and data-driven governance. 
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I. INTRODUCTION 

In the data-driven society of currently, the capacity to 
extract useful insights from massive amounts of data has 
become crucial for businesses across various sectors. Two 
areas where data analytics play a significant role are the 
automotive and agricultural industries. In the automotive 
sector, predicting Goodwill Car Values is essential for 
strategic pricing, inventory management, and overall market 
competitiveness [1]. Similarly, in the agricultural sector, 
forecasting Minimum Support Prices (MSP) for crops is vital 
for ensuring fair prices for farmers, stabilizing markets, and 
informing policy decisions. Machine Learning (ML) employs 
data for developing models capable of analyzing information 
and making autonomous decisions without human 
intervention. It elucidates how computers leverage past 

experiences to operate independently [2]. Predicting car 
prices is a fascinating and widely studied problem. Achieving 
accurate car price predictions necessitates expert knowledge, 
as prices typically depend on numerous unique features and 
factors [3]. Key determinants include the brand, vehicle 
model name, kilometers driven etc. Additionally, the type of 
fuel used and the car’s fuel consumption per mile 
significantly impact its price [4], especially given frequent 
fluctuations in fuel prices. Accurate car value prediction has 
significantly simplified the car-buying process for consumers, 
requiring minimal effort and expertise. With numerous 
brands regularly introducing new models at premium prices, 
many customers find it financially challenging to purchase 
new cars. Consequently, reliability used car value forecast 
that precisely assesses an automobile’s worth is needed 
worldwide, facilitating informed purchasing decisions. To 
achieve this, we applied machine learning techniques, 
specifically regression algorithms, which provide continuous 
value outputs. Algorithms such as Random Forest and Linear 
Regression were employed to enhance accuracy. Utilizing 
data from an online repository, we processed and compared 
the performance of various algorithms to determine the most 
effective model for predicting used car prices. Given the 
challenging economic conditions, it is anticipated that the 
sales of second-hand imported (reconditioned) cars and used 
cars will increase. The sales of new cars have notably 
decreased in 2020 and 2021 due to pandemic conditions. 
Predicting the resale value of a car is a complex task, as the 
value of used cars depends on numerous factors. 
Unfortunately, comprehensive information about all these 
factors is not always available, requiring buyers to make 
purchasing decisions based on a limited set of variables. This 
research focuses on developing machine learning models to 
accurately predict the price of used cars based on their 
features, thereby facilitating informed purchases. This 
research implements and evaluates various machine learning 
algorithms, including Linear Regression, Random Forest, 
Decision Tree, Gradient Boosting and XGBoost, comparing 
their performance to select the most effective model. 

Significant advancements in machine learning offer 
limitless possibilities. Machine learning has evolved 
alongside vast data advancements, creating opportunities to 
determine, evaluate, as well as understand complex processes. 
Numerous scholars and professionals in contemporary 
agriculture are putting their theories to the test on a larger 



  

scale, leading to more accurate and consistent predictions. 
Contemporary farming can discover numerous methods for 
storing water, using nutrients as well as energy more 
efficiently, and respond to various changes in the 
environment. Few learning-based usages in farming include 
crop yield forecasting, crop disease identification, weed 
detection, plant variety recognition. Assumption of Yield, a 
critical aspect of precision agriculture, holds great importance 
for yield measurement, evaluation, harvest supply 
coordination, and crop management to enhance  
productivity [5]. Another significant responsibility in 
agriculture is controlling pests and crop diseases in outdoor 
and nursery environments [6]. The most commonly used pest 
control practice involves regularly spraying pesticides over 
farming areas, which leads to substantial financial and 
environmental costs. ML is needed for precision agriculture, 
optimizing agrochemical usage in terms of timing and 
location [7]. Weeds pose a major threat to crop production, 
and their precise detection is crucial for agricultural 
sustainability, as weeds are challenging to distinguish from 
crops [8]. Machine learning algorithms, combined with 
sensors, enable accurate weed detection and segregation with 
minimal effort and no environmental impact [9]. Additionally, 
applications have been developed to recognize features 
related to crop quality. Accurate harvest characteristics of 
quality can be identified and separated, which can raise 
product pricing and reduce losses [10]. This research 
implements various machine learning models for forecasting 
crop MSP. The introduction of machine learning algorithms 
has transformed the agriculture industry by offering formerly 
unattainable accuracy and insights for MSP forecasting for 
crops, which is vital for ensuring fair prices for farmers and 
stabilizing markets.  

The predictive accuracy of machine learning models is 
essential for supporting informed strategic decisions; 
however, limited interpretability often leads to reduced user 
confidence. Explainable Artificial Intelligence addresses this 
limitation by clarifying how predictions are generated, 
thereby improving transparency and trust. The proposed dual 
prediction approach enables a comprehensive understanding 
of the factors influencing both car values and crop prices. 

The primary objective of this study is to develop and 
evaluate machine learning models for predicting Goodwill 
Car Values and Crop Minimum Support Prices while 
integrating XAI techniques to enhance model interpretability 
and adaptability. The study further aims to assess model 
effectiveness within the context of Marketing Mix Modelling 
and to generate actionable insights for strategic decision-
making in the automotive and agricultural sectors. The 
integration of XAI with machine learning in dual prediction 
tasks demonstrates the potential of advanced analytics to 
optimize marketing strategies and resource allocation. The 
findings of this research contribute to improved predictive 
accuracy and interpretability, strengthening strategic 
planning and stakeholder trust across both domains. By 
addressing challenges related to accuracy and transparency, 
the study supports more effective and accountable decision-
making processes, ultimately contributing to sustainable 
development. 

Calculating the Goodwill Car Value factor plays a crucial 
role in determining the accurate market value of used vehicles 

by accounting for brand reputation, customer perception, and 
historical performance. It supports informed decision-making 
for buyers and sellers, ensures transparency in financial 
reporting for businesses, provides valuable insights into 
market trends and consumer preferences, and assists in 
identifying and managing potential risks. 

There are certain key technological challenges and 
constraints that are associated with predicting Goodwill Car 
Values and Crop Minimum Support Prices (MSP) and that 
affect model performance and reliability. One of the primary 
challenges lies in the accessibility and reliability of data, as 
accurate predictions depend on the availability of 
comprehensive, consistent, and high-quality datasets. 
Incomplete, noisy, or biased data can significantly degrade 
predictive accuracy and limit model robustness. 

Another critical challenge involves feature design and 
selection. Identifying relevant and informative features is 
essential for effective prediction, while redundant or 
irrelevant features may increase model complexity and 
reduce accuracy. In addition, the development and 
deployment of machine learning models often require 
substantial computational resources, making efficient 
resource utilization an important consideration, particularly 
for large-scale or real-time applications. 

Ensuring that predictive models generalize well to unseen 
data remains a persistent challenge. Overfitting can lead to 
strong performance on training data but poor reliability in 
practical deployment. Furthermore, the interpretability of 
complex machine learning models presents a significant 
limitation, as opaque decision-making processes can hinder 
user understanding and acceptance. Enhancing model 
transparency and explainability is therefore crucial for 
building stakeholder trust and supporting informed decision-
making. 

By addressing these technological challenges, the options 
can be provided for further machine learning research and 
development, ultimately boosting prediction accuracy and 
dependability in both automotive and agricultural sectors. 

The format of this research is as follows: Section II 
examines relevant research in the area of predicting used car 
prices and crop MSP evaluation. Section III outlines the 
method and materials including marketing mix modelling and 
explainable artificial intelligence that are used in performing 
the research along with various machine learning algorithms 
used to evaluate their performance in predicting used car 
prices and crop MSP values. Section IV outlines the 
conclusion of the research carried out. Section V discusses 
the study’s future directions. 

II. LITERATURE REVIEW 

This section offers a thorough analysis of existing literature 
on the implementation of Explainable AI and ML approaches 
to predict Goodwill Car Values and Crop Minimum Support 
Prices (MSP) within the framework of Marketing Mix 
Modelling (MMM). The review highlights key studies, 
methodologies, and findings that have contributed to the 
advancement of dual prediction models in these domains. By 
synthesizing the current state of study, this section seeks to 
fill in the vacancies in the available information and provide 
the foundation for the proposed research.  

In Ref. [11], Gegic et al. initially examined a variety of 



  

distinct attributes to ensure accurate and precise estimate. 
Making use of three machine learning techniques—Random 
Forest, Support Vector Machine, and Artificial Neural 
Network—they created a model to forecast used automobile 
prices. To determine which algorithm best suited the provided 
dataset, the authors evaluated the performance of several 
different algorithms. A Java application was created using the 
finished prediction model. The accuracy of the model, when 
tested using test data, was 87.38%. In Ref. [12], Hudon et al. 
use techniques like Lasso, Logistic Regression analysis, and 
regression tree models to build a statistical framework to 
estimate a used car’s pricing based on past client data and a 
set of attributes. They also analyze forecast accuracy of 
different models to identify the most accurate algorithm for 
calculating the car’s price. Pudaruth [13] looked into using 
supervised machine learning methods to forecast used car 
prices in Mauritius. Historical information gathered from 
daily newspapers served as the basis for the forecasts. The 
predictions are made using a variety of methods, including 
decision trees, k-Nearest-Neighbor estimation, Naive Bayes, 
and multiple linear regression analysis. The methods 
providing the best performance are then determined by 
evaluating and comparing these forecasts, what appeared to 
be a straightforward problem proved to be quite difficult to 
address accurately. The performance of the four employed 
approaches was equivalent. 

Samruddhi and Kumar [14] suggested a model based on 
supervised machine learning to analyze used automobile 
prices using the method known as the KNN (known as K-N 
Neighbor) prediction algorithm. Data from the site Kaggle 
was used to train the model. The data was analyzed using 
different training parameters and test ratios throughout the 
experiment. Consequently, the suggested model was 
determined to be the optimal model after achieving an 
accuracy of almost 85%. To forecast used automobile prices, 
Pal et al. [15] used Random Forest, a supervised learning 
technique. Following a comprehensive exploratory data study 
to ascertain how each feature affected price, the model was 
chosen. To train the data, a Random Forest with 500 different 
decision trees was constructed. Training accuracy was 
95.82% and testing accuracy was 83.63%, according to the 
experimental data. By concentrating on the most linked 
features, the model predicts automobile prices with accuracy. 
Chong et al. [16] offered a thorough analysis of technological 
applications for palm oil production, including subjects such 
yield prediction, Biomass Above Ground (AGB) and 
production of carbon calculation, tree calculating, 
recognizing changes, age estimations, and more. They 
pointed up prospective areas for further study and offered 
potential fixes. However, methods for predicting palm oil 
yield were not the main focus of their review. Young [17] 
addressed important techniques used recently in surveys, 
remote sensing, official statistics generation, and combining 
them with administrative, meteorological, and other data. In 
addition to highlighting the uncertainties associated with 
these projections, their study focused on ways to improve 
current crop production prediction techniques. The paper 
examined crop production prediction methods over wide 
geographic regions; however, it did not address machine 
learning techniques that are widely employed to forecast crop 
yield. Additionally, this article might not be helpful to users 

seeking accurate crop production forecast models for 
particular crops. 

A comprehensive review of a variety of characteristics and 
prediction algorithms was conducted by  
Klompenburg et al. [18]. But rather than critical analysis, 
identifying research gaps, and making recommendations, the 
study concentrated more on information extraction. 
Chlingaryan et al. [19] reviewed the use of machine learning 
for nitrogen status estimation. Their research came to the 
conclusion that quick developments in machine learning and 
sensing technologies might result in cost-effective 
agricultural solutions. Elavarasan et al. [20] evaluated 
machine learning frameworks that are pertinent to predicting 
crop yield, with a primary focus on climate characteristics. 
They recommended looking for more thorough standards for 
crop output. To determine the mechanisms causing voids in 
palm oil production, another review [21] examined the body 
of research regarding palm oil output from a physiological 
standpoint. Liakos et al. [22] examined how machine learning 
is being used in agriculture by looking at articles on land, crop, 
livestock, and water management. Li et al. [23] reviewed 
methods for determining fruit maturity in order to improve 
harvesting time and yield forecasting. 

Above preceding discussion highlights the need for a 
thorough review paper that fills in the gaps in the body of 
current review literature. This study contributes to the 
existing literature by addressing key research gaps in 
interpretable dual-domain prediction through a unified 
machine learning and Explainable Artificial Intelligence 
framework. The research highlights the importance of 
systematically modelling the Goodwill Car Value factor and 
examines the benefits and limitations of various feature sets 
and learning algorithms for reliable automotive valuation. It 
further identifies current and emerging technological 
challenges in dual prediction, particularly those related to 
data quality, model generalization, and interpretability, 
thereby extending the scope for future research in explainable 
machine learning applications. In the agricultural domain, the 
study clarifies the fundamental aspects of crop yield and MSP 
prediction processes and provides a critical assessment of 
contemporary machine learning approaches used for this 
purpose. By synthesizing insights from both domains, the 
work advances understanding of how transparent predictive 
models can support more accountable decision-making in 
marketing and policy contexts. Overall, the paper offers an 
integrated perspective that bridges methodological gaps 
between accuracy and explainability, establishing a 
foundation for scalable and trustworthy AI-driven forecasting 
in economic and agricultural systems. 

III. MATERIALS AND METHODS 

The study employs a robust dataset comprising economic 
indicators, market trends, and sector-specific variables. For 
the automotive sector, the focus is on predicting Goodwill 
Car Values, utilizing features such as car make, model, age, 
mileage, and market demand. In the agricultural sector, the 
model aims to forecast Crop MSP, incorporating variables 
like historical crop yields, weather conditions, cost of 
production, and market prices. Various ML algorithms, 
including Linear Regression, Decision Tree, Random Forest, 
Gradient Boosting, and XGBoost, are evaluated for their 

















Fig. 7. The summary plot—(SHAP output). 

The SHAP summary plot (Fig. 7) provides empirical 
insights into the drivers of goodwill car value prediction 
rather than merely illustrating model mechanics. The analysis 
identifies purchase price, adjusted depreciation rate, and 
vehicle age as the most influential features, confirming that 
economic depreciation dynamics dominate resale valuation. 
Features related to engine capacity, mileage, and power show 
moderate but consistent contributions, indicating that 
technical specifications complement financial indicators in 
determining market value. Distance travelled exhibits mixed 
effects, suggesting that its impact is context dependent and 
interacts with age and maintenance-related factors. These 
findings demonstrate that the model aligns with real market 
behavior, where price history and depreciation outweigh 
isolated mechanical attributes. The SHAP results therefore 
offer actionable guidance for practitioners by highlighting 
which variables should be prioritized in pricing strategies and 
data collection for more reliable goodwill estimation. 

6) Graphical analysis

Fig. 8 shows the distribution of car selling prices using a
histogram with a KDE (Kernel Density Estimate) curve 
overlayed. Each bar shows the number of cars that fall within 
a certain price range. Most of the cars were sold between 3 
and 7 units of price. The distribution is right-skewed, 
meaning most prices are on the lower end and a few high-
priced cars pull the tail to the right. The majority of cars were 
sold in the lower price range. And there are fewer expensive 
cars, as indicated by the long tail on the right. 

The scatter plot (Fig. 9) illustrates the performance of a 
regression model predicting car selling prices. The points are 
closely clustered around the red line, suggesting a strong 
correlation between actual and predicted values. This 
indicates that the model performs well in predicting car prices. 
The regression model seems to predict selling prices 
accurately and reliably, especially in the lower-to-mid price 
ranges.  

Fig. 10 shows that the model is effectively integrating 
goodwill, and it plays a significant role in determining resale 
prices. Goodwill is not just noise—it adds unique, 
quantifiable value to car selling price prediction. Since 
Goodwill ranks second, it shows that it captures something 
beyond just financial and physical specs. This supports the 
hypothesis that intangible value matters in resale—for 
example Brand loyalty (e.g., Toyota vs. unknown brand), 
Perceived reliability and social status associated with certain 
car brands or models.  

Fig. 8. Selling price distribution graph. 

Fig. 9. Comparison of actual and random forest–predicted selling prices. 

Fig. 10. Relative feature importance in random forest selling price 
prediction. 

Fig. 11. Correlation heatmap. 



The correlation matrix (Fig. 11) is a valuable tool for 
analyzing how the features relate to each other, especially in 
the context of predicting car selling price and understanding 
the role of goodwill. Each cell represents the Pearson 
correlation coefficient between two features. The low direct 
correlation between Goodwill and Selling Price (+0.06) 
suggests goodwill may not linearly affect price, but as your 
feature importance plot showed, it is still a strong predictor in 
nonlinear models like Random Forest. Goodwill likely 

captures hidden or intangible value not explained by numeric 
features alone (e.g., brand perception, past performance, 
consumer loyalty).  

The confusion matrix (Fig. 12(a)) is a key evaluation 
metric for classification problems. Interpreting in context of 
Goodwill Prediction, it shows that the model is performing 
reasonably well in classifying goodwill and there is a balance 
between precision and recall, so it’s not heavily favouring one 
class over the other.  

(a) (b) (c) 

Fig. 12. The confusion matrices of the three classification models evaluated in this study: (a) Logistic Regression, (b) Decision Tree, and (c) Random Forest. 
The confusion matrices collectively illustrate the distribution of true positives, true negatives, false positives, and false negatives, enabling a direct comparison 
of classification effectiveness across models. 

ROC Curve for Logistic Regression model (Fig. 13(a)) 
shows that the model is doing a solid job in analyzing car 
goodwill prediction. It helps in assessing classification 
performance at all thresholds. The model is reliably 

identifying which cars have higher resale potential or 
perceived value (goodwill) and also helping in pricing 
decisions, inventory prioritization, and recommendation 
systems.  

(a) (b) (c) 
Fig. 13.  The Receiver Operating Characteristic (ROC) curves for the three classification models evaluated in this study: (a) Logistic Regression, (b) Decision 
Tree Classifier, and (c) Random Forest Classifier. The ROC curves collectively illustrate the trade-off between the true positive rate and false positive rate, 
providing a unified comparison of the discriminative ability of each model. 

The confusion matrix for Decision Tree Classifier 
(Fig. 12(b)) provides very valuable insights into how well 
model is performing. The matrix shows that the Decision 
Tree Classifier is very accurate at predicting both low and 
high goodwill. Only a small number of cars are misclassified. 
The model balances both precision and recall well, making it 
a strong choice for deployment. This model can confidently 
flag cars with high resale value (goodwill). Dealers or 
platforms can use this to recommend top picks to buyers, 
optimize pricing strategy and decide which cars to highlight 
in listings.  

The Receiver Operating Characteristic (ROC) Curve 
(Fig. 13(b)) for Decision Tree Classifier shows AUC = 0.95 
means the model is 95% likely to rank a randomly chosen 
high-goodwill car higher than a low-goodwill car. With such 
high AUC, Decision Tree classifier is highly reliable in 
predicting whether a car has high goodwill (likely good resale 

value, reputation, etc.). This helps car dealerships or 
platforms to screen valuable listings, suggest trusted resale 
vehicles to buyers and provide data-backed pricing and trade-
in valuations.  

The confusion matrix for the Random Forest Classifier 
(Fig. 12(c)) is used for predicting car goodwill. It shows that 
the Random Forest model is highly accurate and balanced. It 
makes very few mistakes in both high and low goodwill 
categories. This robustness makes it suitable for: car resale 
platforms to auto-assess value, dealerships to prioritize 
inventory and buyers seeking trustworthy vehicle purchases. 
The ROC Curve for the Random Forest Classifier is being 
used to predict car goodwill (Fig. 13(c)). The curve plots the 
trade-off between sensitivity (recall) and specificity at 
different thresholds. Area Under the Curve (AUC) value = 
0.99, which is extremely high. AUC values range from 0.5 
(no better than chance) to 1.0 (perfect prediction). 0.99 



indicates the model is nearly perfect at distinguishing 
between high and low goodwill. The curve hugs the top-left 
corner, which is ideal and the model rarely makes false 
predictions. It can confidently tell apart cars with high 
goodwill vs. low goodwill. Random Forest is very strong in 
terms of both: Sensitivity (catching high goodwill cases) and 
Specificity (avoiding false alarms). 

Fig. 14(a)–(e) present the confusion matrices for the 
evaluated machine learning classifiers, illustrating their 
classification performance on the training dataset. These 
figures provide a detailed comparison of true positives, true 
negatives, false positives, and false negatives, thereby 
offering insights into each model’s predictive accuracy and 

error distribution. The results (Table 6) indicate progressively 
improved classification performance across models, with 
ensemble-based approaches—particularly the XGBoost 
classifier—demonstrating superior accuracy and minimal 
misclassification. This comparative analysis highlights the 
robustness and reliability of advanced ensemble models for 
the given classification task. 

Table 6. The precision, recall, and F1 scores for the training set  
Model Precision Recall F1 Score 

Logistic Regression 0.8073 0.7900 0.7986 
Decision Tree classifier 1.0000 1.0000 1.0000 

Random Forest classifier 1.0000 1.0000 1.0000 
Gradient Boosting classifier 0.9736 0.9793 0.9764 

XGBoost classifier 1.0000 1.0000 1.0000 

(a) (b) (c) 

(d) (e) 
Fig. 14. The figures present the training confusion matrices for five classification models used in this study: (a) Logistic Regression, (b) Decision Tree, (c) 
Random Forest, (d) Gradient Boosting, and (e) XGBoost. The matrices collectively illustrate the distribution of correctly and incorrectly classified instances 
during the training phase, enabling a unified comparative assessment of model learning behavior. 

B. Results for Dataset 2

The below tables present the results obtained with respect
to the Dataset 2. The train/test split ration related to this 
dataset is 80:20. The k-fold cross-validation was employed 
and the number of folds (k) utilized is 10.  

Table 7 provides summary statistics for the crop yield 
dataset, including variables such as crop year, area under 
cultivation, production, annual rainfall, fertilizer and 

pesticide usage, and yield. These features are essential for 
modelling and predicting the Minimum Support Price (MSP) 
using machine learning techniques. 

Table 8 summarizes the frequency and distribution of key 
categorical variables such as crop types, seasons, and states. 
Understanding the prevalence of different categories helps in 
identifying dominant agricultural patterns and guiding the 
MSP prediction model. 

Table 7. Descriptive statistics of crop features used for MSP prediction 
Feature Mean Std Dev Min 25% 50% 75% Max 

Crop_Year 2009.13 6.50 1997 2004 2010 2015 2020 
Area (ha) 179,926 732,829 0.5 1,390 9,317 75,112 50,808,100 

Production (tons) 16.4M 263M 0 1,393 13,804 122,718 6.33B 
Annual_Rainfall (mm) 1437.76 816.91 301.3 940.7 1247.6 1643.7 6552.7 

Fertilizer (kg) 24.1M 94.9M 54.17 188,014 1.23M 10M 4.84B 
Pesticide (kg) 48,848 213,287 0.09 356.7 2,421.9 20,041.7 15.75M 

Yield (tons/ha) 79.95 878.31 0.0 0.60 1.03 2.39 21,105 

Table 8. Feature-wise distribution of crop attributes used in the Minimum 
Support Price (MSP) prediction model 

Feature Unique Values Most Frequent Frequency 
Crop 55 Rice 1197 

Season 6 Kharif 8232 
State 30 Karnataka 1432 

1) Explicitly identifying the target variable for this dataset

Yield—typically measured in tons per hectare (t/ha) or kg
per hectare, depending on units used. While MSP is the policy 
variable we want to influence or align with, Yield is a strong 



proxy that directly influences MSP decisions, as MSPs are 
often linked to crop productivity, input usage, and regional 
performance. 

2) Type of ML task

Regression because the Yield variable is continuous and
numeric, ranging from 0 to over 21,000 (likely in kg/ha or 
tons/ha). We are predicting how much crop is produced per 
unit area, which is a quantitative outcome. There are no 
predefined categories (like “low”, “medium”, “high”)—so 
this is not a classification task.  

3) Recommended evaluation metrics & justifications

a) Mean Absolute Error (MAE)
Mean Absolute Error represents the average of the absolute

differences between predicted and actual values, providing a 
direct measure of prediction accuracy. It is easy to interpret 
because the error is expressed in the same units as the target 
variable, such as tons per hectare or kilograms per hectare. 
This metric is also less sensitive to extreme outliers compared 
to RMSE, making it suitable when large deviations should not 
disproportionately influence model evaluation. Moreover, it 
is particularly useful in situations where all prediction errors 
are considered equally important. 

b) Root Mean Squared Error (RMSE)
Root Mean Squared Error is defined as the square root of

the average of the squared differences between predicted and 
actual values, providing a measure of the typical magnitude 
of prediction error. This metric penalizes larger errors more 
heavily, which is particularly important when substantial 
deviations in yield prediction could lead to significant policy 
or economic consequences, such as incorrect MSP allocation. 
It is therefore useful in contexts where higher precision is 
required, especially for high-yield crops or critical 
agricultural regions. 

c) R² score (coefficient of determination)
The R² score measures how well the model explains the

variance in the target variable, providing an overall indication 
of goodness of fit. It offers a normalized performance 
measure, typically ranging from zero to one, with negative 
values indicating poor model performance. This metric helps 
to determine how much of the variability in yield is captured 
by the selected features and is therefore useful for comparing 
different models and assessing the usefulness of input 
variables. 

Fig. 15 presents the descriptive statistics—including mean, 
standard deviation, minimum, percentiles (25%, 50%, 75%), 
and maximum values—for the vital features in the crop yield 
and MSP prediction dataset as follows: 

The crop year variable shows a consistent distribution 
across the statistical indicators, reflecting a balanced 
temporal spread of the data and supporting reliable year-wise 
analysis. Annual rainfall demonstrates progressively 
increasing values across the percentiles, with a noticeable rise 
at the upper quartile, which suggests potential nonlinear 
effects of rainfall on crop productivity. In contrast, yield 
measured in tons per hectare exhibits a sharp increase at the 
maximum value, indicating the presence of possible outliers 
or a skewed distribution that may influence model training 
and therefore require appropriate transformation or robust 
modelling techniques. 

Fig. 15. Statistical summary of key agricultural variables: crop year, annual 
rainfall, and yield. 

These features are central to the agricultural forecasting 
arm of the research. The statistical spread provides critical 
insights for feature scaling, outlier treatment, and the design 
of explainable models that align with real-world agricultural 
variability. 

Fig. 16. Categorical feature distribution in agricultural dataset: crop, 
season, and state. 

Fig. 16 visualizes the unique value count (blue line) and 
total frequency (orange line) of three key categorical 
features—Crop, Season, and State—used in the agricultural 
component of the research: 
• Crop and State show higher diversity in unique values but

relatively lower frequency, indicating a wide spread of
categories with potentially sparse occurrences.

• Season, despite having fewer unique values, records the
highest frequency, suggesting that a few seasonal
categories dominate the dataset, possibly due to repetitive
seasonal cycles in agricultural planning.

This distribution insight aids in:
• Effective one-hot encoding or embedding strategies.
• Informing feature importance analysis in XAI

frameworks.
• Designing interpretable models sensitive to region- and

season-specific agricultural dynamics

Table 9. R2 score, RMSE value & MAE values corresponding to the ML 
models 

Model Name R2 Score 
Root Mean 

Squared Error 
Mean Absolute 

Error 
Linear Regression 0.7721 527.4077 406.8060 

Random Forest 0.9994 26.3829 7.6735 
XGBoost 0.9991 32.9784 17.7409 

The comparative results for MSP prediction reveal clear 
differences in model capability across the evaluated 
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algorithms (Table 9). Linear Regression provides a 
reasonable baseline, explaining a substantial portion of 
variance in MSP, yet its relatively high error levels indicate 
that important non-linear relationships between agricultural 
factors are not fully captured by a purely linear approach. The 
Random Forest model demonstrates a marked improvement, 
achieving substantially lower prediction errors and stronger 
generalization, which reflects its ability to model complex 
interactions among climatic, production, and cost-related 
variables. XGBoost also delivers highly competitive 
performance, closely matching the explanatory power of 
Random Forest, although its slightly higher error suggests 
marginally lower precision in this dataset. Overall, the 
ensemble-based methods consistently outperform Linear 
Regression, confirming that tree-based approaches are better 
suited for MSP forecasting where relationships among 
variables are inherently non-linear. Among the models, 
Random Forest provides the most balanced combination of 
accuracy and stability, making it the most appropriate choice 
for reliable policy-oriented prediction. 

Among the models, the Random Forest algorithm 
demonstrates the best overall performance, achieving a high 
R² score of 0.9994, indicating an almost perfect correlation 
between the predicted and actual MSP values. It also records 
the lowest RMSE (26.3829) and MAE (7.6735), reflecting 
minimal prediction error and strong model robustness. 

Table 10 summarizes the essential hyperparameters used 
in training the XGBoost models for crop yield prediction 
(Dataset 2). Fine-tuning these hyperparameters is crucial for 
optimizing model performance and controlling complexity. 

Table 10. Key hyperparameters for decision tree and XGBoost models 
Model Key Hyperparameters 

XGBoost n_estimators = 200, max_depth = 3, learning_rate = 0.1 

4) Interpreting LIME output

LIME output (Fig. 17) helps in understanding which
features contributed either favorably or unfavorably to the 
anticipated MSP for a particular instance. The LIME analysis 
for the selected MSP instance provides insight into how the 
model integrates agricultural and contextual factors to 
generate a prediction. The forecasted MSP lies below the 
typical range observed in the dataset, suggesting that specific 
input conditions collectively signal a comparatively lower 
support price. Among the contributing variables, crop 
category and crop year exert the strongest positive influence, 
indicating that structural and temporal characteristics play a 
dominant role in MSP determination. Climatic and input-
related factors, including rainfall, fertilizer, and pesticide 
usage, show moderate contributions, reflecting their 
supportive but secondary impact on price formation. 
Variables such as yield, cultivated area, and regional context 
contribute more marginal effects, suggesting that their 
influence is conditional on interactions with other features. 
The analysis highlights that MSP prediction is shaped by a 
combination of agronomic and policy-driven signals rather 
than any single variable, and that local explanations are 
essential for understanding such multi-factor relationships. 
These findings demonstrate the value of XAI in revealing 
economically meaningful drivers and indicate the need for 
evaluating additional instances to confirm the consistency of 
observed patterns. 

Fig. 17. The XAI—(LIME) output. 

5) XAI—(SHAP) interpretation

The SHAP overview plot in Fig. 18 identifies the
characteristics that most strongly influence MSP predictions, 
including crop type, seasonal timing, regional context, and 
climatic conditions. The analysis shows that structural factors 
such as crop category and state consistently exert the highest 
impact, while weather-related variables and input usage 
provide additional but comparatively moderate contributions. 
This pattern indicates that MSP formation is primarily driven 
by policy-linked and regional determinants, with 
environmental conditions acting as complementary modifiers. 
By revealing the relative importance of these features, the 
visualization offers practical guidance for policymakers and 
agricultural planners to focus on the most influential levers 

when designing price support strategies and resource 
interventions. 

Fig. 18. The XAI—(SHAP) overview plot. 



6) Graphical analysis

Fig. 19. The average crop yield result with respect to year. 

The above graph (Fig. 19) of average yield with respect to 
year in crop data is highly significant since it gives trends and 
patterns a visual representation related to agricultural 
productivity over time. By illustrating how crop yields have 
changed annually, it helps stakeholders identify the impact of 
various factors such as climate conditions, technological 
advancements, policy changes, and farming practices. This 
insight is crucial for making informed decisions on resource 
allocation, improving crop management techniques, and 
planning future agricultural strategies. Additionally, it 
supports research and development efforts aimed at 
increasing yield and sustainability, thereby maintaining the 
agricultural sector’s economic stability and supply of food. 

A distribution plot of MSP values (Fig. 20) shows the right-
skewed distribution. This plot is heavily skewed to the right, 
meaning: most MSP values are clustered at the lower end 
(₹500–₹2000) and very few crops have high MSP values 
(₹4000+). There are several visible peaks, suggesting that the 
different categories or types of crops (e.g., cereals, pulses, 
oilseeds) may have characteristic MSP bands. Policy-based 
pricing clusters may also be reflected here. A long tail exists 
on the higher end (₹4000–₹7000), indicating outliers or 
premium crops with high MSPs. A line plot (Fig. 21) showing 
the trend of MSP (Minimum Support Price) over the years, 
which is a critical element in your crop MSP price prediction. 
A single blue line represents the MSP trend. There is a shaded 
region around the line, which typically represents the 
confidence interval or uncertainty in the data (e.g., standard 
deviation or prediction interval). This implies that the dataset 
may contain multiple samples per year, and the shaded band 
shows variability or potential prediction uncertainty. Year 
2020 spike shows that there’s a noticeable spike in the 
confidence interval, suggesting either high prediction 
uncertainty or variability in data for that year. The box plot 
graph for MSP by Season (Fig. 22), provides valuable 
insights into how Minimum Support Prices (MSP) vary 
across different seasons or seasonal categories, which is 
crucial for modeling and feature engineering in MSP price 
prediction work. The variability in MSP across seasons 
suggests that seasonality is an important feature to be 
included. The confusion matrix (Fig. 23(a)) for a Logistic 
Regression model, is used for a binary classification task in 
crop MSP price prediction. This confusion matrix shows 
strong performance of logistic regression model representing 

very high true positives and true negatives. And low false 
positives and false negatives, indicating good balance and 
generalization. The confusion matrix (Fig. 23(b)) is for 
Random Forest Classifier applied. It represents very high 
accuracy (98.9%) with very few misclassifications but better 
generalization. This is a strong, generalizable model, 
especially when trained with good validation strategy. 
(Fig. 23(c)) represent the confusion matrix for XGBoost 
Classifier used in the crop MSP price prediction task. This 
indicates perfect classification between the two MSP 
categories (high vs. low). Compared to previous models 
(Logistic Regression and Random Forest), XGBoost 
outperforms all. 

Fig. 20. Graph showing distribution of MSP. 

Fig. 21. Graph showing trend of MSP over years. 

Fig. 22. Graph showing MSP by season. 



(a) (b) (c) 
Fig. 23. The figures present the confusion matrices obtained on the test dataset for the classification models evaluated in this study: (a) Logistic Regression, 
(b) Random Forest, and (c) XGBoost. The confusion matrices collectively illustrate the distribution of correctly and incorrectly classified instances, enabling 
a unified comparison of generalization performance across models. 

Fig. 24(a)–(c) present the confusion matrices for the 
logistic regression, random forest, and XGBoost classifiers 
on the training dataset. The results indicate that while logistic 
regression shows minor misclassifications, both the random 
forest and XGBoost models achieve near-perfect 
classification performance with zero or negligible errors. This 
demonstrates the superior learning capability and robustness 

of ensemble-based models for the given prediction task. 

Table 11. Overall model evaluation: Precision, Recall, F1-score, and AUC 
Model Precision Recall F1 Score AUC 

Logistic regression 0.9460 0.9415 0.9437 0.9868 
Random forest 1.0000 1.0000 1.0000 1.0000 

XGBoost 1.0000 1.0000 1.0000 1.0000 

(a) (b) (c) 
Fig. 24.  The figures present the training confusion matrices for the classification models evaluated in the additional experimental setup: (a) Logistic Regression, 
(b) Random Forest, and (c) XGBoost. The confusion matrices are analyzed together to provide a unified assessment of model learning behavior during the 
training phase. 

The comparative analysis (Table 11) establishes that 
ensemble-based learning algorithms, particularly XGBoost, 
exhibit superior predictive accuracy for modelling complex, 
nonlinear relationships between agricultural MSP policies 
and automotive market goodwill.  

The study reveals that XGBoost’s gradient-boosting 
framework not only minimizes prediction error but also 
enhances robustness under fluctuating policy and price 
environments, marking a novel application of advanced 
ensemble intelligence in the domain of price and policy 
forecasting (Table 12). 

Table 12. Overall model evaluation 

Model 
Consistency Across 

Metrics 
Interpretive Summary 

Linear 
Regression 

Weak in both tables 
Not suitable due to linear assumptions 
failing on complex price–policy data. 

Decision 
Tree 

Moderate (only in 
Dataset 1) 

Captures nonlinearity but exhibits 
limited robustness across unseen data. 

Gradient 
Boosting 

Strong, but slightly 
below top 
performers 

Good balance, but can lag in 
convergence or tuning sensitivity. 

Random 
Forest 

Excellent across 
both tables 

Very high accuracy, robust 
generalization, minimal overfitting. 

XGBoost 
Excellent across 

both tables 

Most powerful model overall, efficient 
handling of feature importance, strong 

predictive accuracy. 

Table 13 summarizes the evaluation of multiple machine 
learning algorithms—Linear Regression, Random Forest, 
and XGBoost—across key performance metrics including 
Mean Squared Error (MSE), R² Score, Root Mean Squared 
Error (RMSE), Mean Absolute Error (MAE), and 
Generalization ability. The results reveal that XGBoost 
consistently achieves the lowest Mean Squared Error and the 
highest R² score, indicating its superior ability to capture 
complex nonlinear relationships within the data and produce 
highly accurate predictions. Furthermore, XGBoost 
demonstrates the best cross-metric balance, emphasizing its 
strong generalization capability across diverse datasets and 
forecasting contexts. 

Table 13. Comparative performance of machine learning models based on 
key evaluation metrics for predictive modelling 

Metric Best Model Key Advantage 
Mean Squared Error XGBoost Lowest overall error 

R² Score XGBoost Strongest model fit 
RMSE Random Forest Most stable predictions 
MAE Random Forest Least deviation from actual values 

Generalization XGBoost Best cross-metric balance 

On the other hand, the Random Forest model records the 
lowest RMSE (Root Mean Squared Error) and MAE (Mean 
Absolute Error) values, reflecting its high prediction stability 



  

and minimal deviation from actual observed values. This 
indicates that Random Forest performs exceptionally well in 
reducing local prediction errors and ensuring reliable output 
consistency. 

Overall, the table highlights that both Random Forest and 
XGBoost outperform traditional regression-based models, 
with XGBoost emerging as the most robust and generalizable 
model for predictive modelling tasks. While Random Forest 
excels in minimizing error magnitude, XGBoost offers a 
more balanced performance across all evaluation parameters, 
making it the preferred model for dual predictive forecasting 
of Car Goodwill and Crop MSP in the context of price and 
policy analysis. The integration of explainable AI techniques 
within this framework further enhances model interpretability 
by identifying key features influencing car goodwill and crop 
MSP predictions. This enables policymakers and analysts to 
understand not only the predicted outcomes but also the 
underlying drivers of price behaviour. Thus, the study’s 
novelty lies in its dual predictive modelling approach, where 
XAI-enabled ensemble models provide both high accuracy 
and transparent insights, bridging the gap between predictive 
performance and interpretability in economic and policy 
forecasting. 

V. CONCLUSION 

This research paper demonstrates the effectiveness of 
utilizing Explainable Artificial Intelligence (XAI) and 
Machine Learning techniques for dual prediction. Related to 
the Goodwill car values prediction data, the Linear 
Regression model records a Mean Squared Error of 0.6987 
and an R² value of 0.8848. These results indicate that the 
model explains approximately 88.48 percent of the variability 
in the selling price while maintaining a reasonable level of 
prediction error. This suggests that while the linear 
framework fits the data rather well, it is not as accurate as the 
more intricate models.  The Decision Tree model achieves a 
Mean Squared Error of 0.4123 and an R² score of 0.9320, 
indicating a better fit to the data than Linear Regression due 
to its lower error and higher explained variance. However, 
decision trees are known to be vulnerable to overfitting, 
particularly when the underlying data relationships are 
complex. The Random Forest model further improves 
performance, demonstrating a very low error and a high R² 
value, which reflects its ability to generalize more effectively 
by combining multiple trees and reducing variance. Gradient 
Boosting also shows strong predictive capability with a high 
R² score and low error, although its performance can depend 
on careful hyperparameter tuning to avoid overfitting. 

Among all evaluated algorithms, XGBoost delivers the 
most reliable results, recording the lowest prediction error 
and the highest explained variance. This outcome confirms its 
superior ability to model nonlinear dependencies and 
complex interactions among vehicle attributes that simpler 
methods cannot adequately capture. The gradient-boosting 
framework of XGBoost enables more precise learning of 
depreciation behaviour, establishing it as the most accurate 
and robust model for goodwill car value forecasting. These 
findings underscore the advantage of advanced ensemble 
learning techniques for enhancing predictive performance in 
price-oriented decision support systems.    

For MSP prediction, the Linear Regression model explains 

approximately 77% of the variance in prices based on the 
selected independent variables, indicating a moderate but 
limited ability to capture the complexity of agricultural 
pricing dynamics. In contrast, the Random Forest model 
demonstrates substantially stronger explanatory power, 
accounting for nearly all variability in MSP and reflecting its 
effectiveness in modelling non-linear interactions among 
climatic, production, and economic factors. XGBoost also 
achieves very high explanatory performance, closely 
matching the Random Forest results and confirming the 
suitability of ensemble approaches for this task. The 
application of these advanced machine learning methods to 
both Goodwill Car Value and Crop MSP prediction 
highlights their capacity to enhance accuracy, transparency, 
and interpretability in predictive analytics. Among the 
evaluated algorithms, Random Forest emerges as the most 
reliable, supported by its lowest error levels and strong 
resilience to data variability, which together underline its 
effectiveness for modelling the complex relationships 
inherent in agricultural price forecasting. 

The findings underscore the importance of explainable 
models in enhancing stakeholder trust and facilitating 
informed decision-making. This approach not only advances 
the field of marketing mix modeling but also sets a precedent 
for integrating XAI in other domains requiring robust and 
interpretable predictions. Future research should focus on 
refining these techniques and exploring their applicability to 
other complex datasets and industries. Thus, this research 
paper underscores the significant potential of leveraging 
Explainable Artificial Intelligence (XAI) and machine 
learning techniques for dual prediction in the realm of 
marketing mix modelling. By integrating these advanced 
methodologies, we have successfully demonstrated their 
applicability in predicting both Goodwill Car Values and 
Crop Minimum Support Prices (MSP). The first key finding 
of this research include: Enhanced Accuracy and Predictive 
Power—the utilization of machine learning algorithms, 
including Random Forest, Gradient Boosting, and Neural 
Networks, has significantly improved the accuracy of 
predictions for both Goodwill Car Values and Crop MSP. 
These models have been trained on extensive historical data, 
capturing intricate patterns and relationships that traditional 
methods might overlook. The second key finding is: 
Transparency and Interpretability with XAI—by employing 
XAI techniques such as SHAP (SHapley Additive 
exPlanations) and LIME (Local Interpretable Model-agnostic 
Explanations), the study has ensured that the predictions 
made by these complex models are transparent and 
interpretable. This is crucial for building trust among 
stakeholders, as it provides clear insights into the contribution 
of various features to the final predictions. The third key 
finding of this research is Application in Marketing Area—
the dual prediction approach has been integrated into 
marketing mix, offering a comprehensive view of how 
different factors influence both the automotive and 
agricultural sectors. For instance, understanding the key 
drivers of car resale values helps manufacturers and dealers 
optimize their marketing strategies, while accurate crop MSP 
predictions assist policymakers in making informed decisions 
to support farmers. The insights gained from this research 
empower stakeholders to make better-informed decisions. 



  

Car dealers and buyers can rely on precise Goodwill Car 
Value predictions to negotiate fair prices, while farmers and 
policymakers can use accurate Crop MSP forecasts to plan 
and allocate resources effectively. By providing a transparent 
and accurate prediction mechanism for Crop MSP, the study 
contributes to stabilizing agricultural markets. This ensures 
that farmers receive fair compensation for their produce, 
supporting their livelihoods and promoting economic 
stability in the sector. The incorporation of XAI techniques 
ensures that the decision-making process is transparent and 
accountable. Stakeholders can clearly see how and why 
certain predictions were made, fostering trust in the system 
and mitigating potential biases. 

By using historical data and advanced machine learning 
models, we have achieved significant improvements in the 
accuracy and reliability of car value predictions. The 
integration of XAI methods, such as SHAP and LIME, has 
provided transparency and interpretability to the predictive 
models, enabling stakeholders to understand the factors 
driving car values. The findings highlight the critical role of 
key features, including vehicle make, model, age, mileage, 
and market conditions, in determining car values. The use of 
marketing attributes has allowed for the comprehensive 
analysis of the impact of various marketing activities on car 
prices, offering valuable insights for manufacturers, dealers, 
and consumers. The enhanced interpretability through XAI 
ensures that the models’ decisions are transparent and 
trustworthy, promoting confidence among users. This 
transparency is crucial for making informed decisions, 
optimizing marketing strategies, and improving resource 
allocation. By framing the factors affecting MSP and 
employing machine learning techniques, it becomes possible 
to analyse and predict how different agricultural inputs, 
environmental conditions, and regional factors contribute to 
determining the Minimum Support Price. This approach 
enables a more systematic evaluation, helping policymakers 
and stakeholders make data-driven decisions that optimize 
agricultural outcomes and pricing strategies. 

Overall, the research underscores the potential of 
combining marketing features, XAI, and machine learning to 
transform the automotive industry’s approach to pricing and 
market analysis. Future research should focus on refining 
these techniques, exploring their scalability, and extending 
their application to other domains. By continuing to develop 
and integrate these advanced methods, we can achieve greater 
precision, accountability, and efficiency in predictive 
analytics, ultimately benefiting businesses and consumers 
alike. 

VI. FUTURE WORK 

The future scope involves refinement of techniques. Future 
research should focus on refining these machine learning and 
XAI techniques to further enhance their predictive accuracy 
and interpretability. This includes exploring new algorithms 
and improving feature engineering processes. The future 
scope also involves broader applicability. The methods 
demonstrated in this study can be extended to other domains 
beyond automotive and agriculture. Future work should 
explore the applicability of these techniques in various 
industries, such as finance, healthcare, and retail, to harness 
their full potential. Integration with Real-Time Data can also 

be done further. Incorporating real-time data into the 
predictive models can further enhance their accuracy and 
relevance. Future studies should explore the integration of 
live data feeds to make dynamic and up-to-date predictions. 
In summary, the research has successfully illustrated the 
power of combining XAI and machine learning for dual 
prediction in marketing area. This approach not only 
enhances the accuracy and transparency of predictions but 
also provides valuable insights that support informed 
decision-making, economic stability, and trust among 
stakeholders. But as the field evolves and new inventions are 
made in this field, continued advancements and broader 
applications of these techniques hold the promise of 
transforming predictive analytics across various industries. 
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