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ABSTRACT

Food wastage is a complex social, economic, and environmental issue worldwide.
Approximately one-third of edible food products are wasted globally. There is an urgent
need to raise awareness about food wastage. The Theory of Planned Behavior (TPB),
which encompasses attitude, subjective norm, and perceived behavioral control, has been
extensively used to study food-related behaviors. In this study, we propose an extension
of TPB by adding three attributes: self-responsibility, eco-consciousness, and food and
home management, aiming to develop a more comprehensive framework for predicting
food wastage behavior. A cross-sectional survey was conducted among individuals of
different age groups, measuring the impact of various attributes on food wastage. A total
of 841 responses were collected across India. The data were analyzed using statistical
methods and machine learning (ML) algorithms such as Naive Bayes (NB), Logistic
Regression (LR), Support Vector Machine (SVM), and Random Forest (RF). The
prediction accuracy of these ML classifiers for TPB and its extension was compared.
Additionally, explainable artificial intelligence (XAI) techniques were employed to assess
feature importance and identify significant attributes influencing food wastage. Results
indicated that the prediction accuracy of all ML classifiers improved by 12% after
incorporating self-responsibility, eco-consciousness, and food and home management
attributes, thereby validating the extension of TPB. The integration of XAI highlighted
key attributes associated with food wastage and increased the transparency of complex
predictive models.

Contribution/Originality: The study employs an Al-driven pipeline to extend the Theory of Planned Behaviour

by incorporating self-responsibility, eco-consciousness, and home management for assessing food wastage in Indian

households. Additionally, it utilizes explainable Al to evaluate the significance of various attributes contributing to

food wastage.

1. INTRODUCTION

The emergence, development, and persistence of human civilization are heavily dependent on the supply and

availability of food (Godfray et al., 2010). While the United Nation’s Universal Declaration of Human Rights asserts

every individual's right to food (Martindale, 2010), approximately one-third of the food produced for human

consumption is lost or wasted globally. This significant wastage occurs across every stage of the food supply chain,
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from production (agricultural land, industrial manufacturing) and processing to consumption (Mirabella, Castellani,
& Sala, 2014; Stefan, Van Herpen, Tudoran, & Lihteenmiki, 2013; Williams & Wikstrom, 2011). Consequently, nearly
800 million people worldwide lack sufficient access to food, meaning roughly one in every nine individuals suffers
from hunger (Racz, Vasiljev Marchesi, & Crnkovi¢, 2018). Given the resource-intensive nature of food production,
these losses and wastes indirectly contribute to substantial environmental impacts, including water and air pollution,
soil erosion, deforestation, and greenhouse gas emissions (Mourad, 2016).

In ancient times, food wastage was considerably lower due to localized food production and consumption
patterns. The volume of food prepared was precisely tailored to immediate requirements, with any surplus either
repurposed or consumed. The phenomenon of increased food wastage coincided with urban development and the
proliferation of nuclear family structures (Bhatia & Sharma, 2023). Presently, a significant proportion of food waste
originates at the household level, underscoring the critical necessity of effective prevention measures at this terminal
point of the supply chain (Parfitt, Barthel, & Macnaughton, 2010). The squandering of food by end-users at this final
stage renders all expended energy — across production, preparation, processing, and transportation — ultimately in
vain.

Consumers are the largest individual contributors to food wastage (Griftin, Sobal, & Lyson, 2009). The new
generation has a passion for wasting food by excessively buying and instead of eating it, throwing it away (Ghinea &
Ghiuta, 2019). It is estimated that most of the food losses occur between production and transport of food to retail
sites in the food supply chains in developing countries (Grandhi & Singh, 2016). Food wastage not only leads to an
increase in the percentage of humans deprived of food, but also triggers climate change by emitting greenhouse gases
amounting to approximately 17 million CO. equivalent tonnes (Pandey, 2021).

The impact of food wastage on the environment can be reduced by minimizing the amount of food wasted at the
household level. Food wastage is influenced by various factors, and predicting its amount in a household is a
challenging task (Quested, Marsh, Stunell, & Parry, 2013). According to the Food and Agriculture Organization, food
waste can be defined as “the wholesome edible material intended for human consumption, arising at any point in the
Food Supply Chain (FSC) that is instead discarded, degraded, or affected by pests”’(Food and Agriculture
Organization of the United Nations (FAO), 1981). A consequence of food wastage is the diminished availability and
elevated cost of healthy food options. Food wastage not only has enormous environmental impacts and ethical issues
but also can impact the national economy by incurring significant financial losses.

Qualitative research serves as a crucial first step in identifying the primary drivers of household food waste
reduction. The theory of planned behavior is one well-known theory based on the factors: attitude towards behavior,
subjective norm, and perceived behavioral control, which study the cognitive requirements of human behavior (Ajzen,
2012). Stefan et al. (2013) investigated the role of the Theory of Planned Behavior (TPB) in conjunction with food-
related activities. Their study specifically explored the interdependence of intention and attitude in reducing
household food waste. Recently, researchers have applied TPB to study consumer behavior towards various aspects
like management, conservation, and disposal of food. Studies reveal that food waste behavior is impacted by attitudes
toward food conservation, societal pressure to prevent waste, and presumed efforts in managing leftovers (Graham-
Rowe, Jessop, & Sparks, 2015; Russell, Young, Unsworth, & Robinson, 2017).

According to the TPB model, the most significant part of behavior is intention, which indicates the level of
motivation to carry out the desired behavior. The stronger the intention for a behavior, the more likely it is to be
carried out. Intention is largely governed by attitude, subjective norms, and perceived behavioral control (Ajzen,
2012). Subjective norm is the societal pressure to behave in a particular way, attitude is whether the behavior is
perceived as positive or negative by an individual, and perceived behavioral control is the judgment of an individual’s
ability to behave in a particular way.

The accuracy of the traditional TPB has been widely debated. Although it provides a useful baseline, it has been

suggested to include additional predictor variables to fully capture moral, environmental, or practical factors that
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influence food wastage decisions, particularly in culturally diverse contexts such as India. TPB can be strengthened
by incorporating additional attributes. Studies have advocated including the attribute of self-responsibility, which
closely aligns with perceived behavioral control already supported by TPB. Bamberg and Mdaser (2007) have
suggested that self-responsibility and eco-consciousness are personal traits towards environmentalism. They
influence the TPB model’s intentions and behaviors. Schlegelmilch, Bohlen, and Diamantopoulos (1996) have
demonstrated a strong correlation between environmental consciousness and green purchasing decisions, resulting
in less food wastage. Fielding, McDonald, and Louis (2008) had observed improvement in the model's predictive
power by extending the TPB to include identity and ecological concern. Graham-Rowe et al. (2015) have advocated
that food waste can be reduced by incorporating attributes of home planning and management. These attributes help
in every aspect of household decision-making. Schanes, Dobernig, and Gé6zet (2018) have advocated that minimizing
food waste in the household reduces the impact on the environment. The carbon footprint can be reduced by lowering
greenhouse gas (GHG) emissions if the food is prevented from going to landfills. This, in turn, could save money and
slow down the release of methane, which is harmful (Bhatia, Jha, Sarkar, & Sarangi, 2023). There is an urgent need
to reduce the wastage of food so that it can reach the underprivileged and ensure food security around the world.

Artificial Intelligence is an emerging field in computer science that has found its application in almost every
sphere of human life. Machine learning algorithms are being used to analyze data in various spheres. Panda and
Dwivedi (2019) have proposed the use of machine learning algorithms to reduce food wastage in the mess of
educational institutions. They have used Decision Tree and Naive Bayes algorithms to predict food wastage and
reported that the Naive Bayes algorithm gives better results compared to Decision Tree. The food waste in the mess
of two hostels was analyzed using Al and concluded that changes in behavioral aspects and management of the mess
can help in reducing the wastage (Sama, Makkar, Prokshitha, Dhaloria, & Sharma, 2021). Anggraeni, Silaban,
Anggreainy, and Cahyadi (2021) studied the Bayesian Networks and Agent-Based Modelling techniques to
understand the interdependencies between the various attributes that lead to food wastage. They have studied the
relationship between food waste generation and innovation techniques to be adopted in the retail sector. Grainger et
al. (2018) used machine learning algorithms to study the household waste, they considered the drivers size of
household, fussy eaters, status of employment, ownership of home and the local authority for food waste. They
concluded that large households are the major factor for food wastage. Chowdary et al. (2024) employed XGBoost to
predict food wastage levels by analyzing diverse datasets, including socio-economic indicators and environmental
conditions, which can be applicable to Indian households facing similar challenges in food waste management. Ozcil
(2024) explored the utility of machine learning in mitigating food waste by enabling precise food demand forecasting
and efficient inventory optimization. This approach holds significant potential for adoption within Indian households,
particularly for perishable goods, to bolster food security and promote sustainability.

In the present work, additional factors related to food wastage have been investigated, and an extension of the
theory of planned behavior (Ext. TPB) has been proposed. This proposed extension encompasses factors related to
self-responsibility, eco-consciousness, food and home management that influence food wastage in households. The
work aims to demonstrate that the inclusion of these factors in TPB provides a better predictive framework for food
wastage behavior compared to the traditional TPB model. The present work not only focuses on people's perceptions
of food wastage, a global issue, but also assesses the importance of different attributes using XAl techniques. This
study offers key behavioral insights for targeted interventions in Indian households.

Besides the behavioral aspect, the study provides an Al-driven pipeline that can be helpful in creating a framework
globally for reducing food waste. The pipeline integrates machine learning models with explainable Al techniques
such as SHAP, which can facilitate the development of intelligent applications for real-time monitoring of food
consumption and disposal. The proposed pipeline can be used as a decision-support tool for developing food waste
monitoring systems. This fusion of technology with behavioral study can help achieve the goal of sustainable food

consumption with optimal resource utilization and less food wastage.
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2. MATERIALS AND METHODS
2.1. Survey Technique

A cross-sectional survey was conducted to evaluate respondents' awareness regarding food wastage. The study
utilized an online questionnaire comprising forty-five questions divided into eleven sections, followed by questions
related to demographic studies. The questionnaire solicited opinions on household food wastage concerning
attitudinal and behavioral aspects. The eleven sections were created based on the proposed Ext. TPB. G¥Power
statistical software (3.1.9.D package), with sample size (n), effect size (d), power, and significance criteria (a) as
parameters, was used to determine the sample size (FFaul, Erdfelder, Buchner, & Lang, 2009). Calculations performed
using this software indicated a minimum required sample size of 295 to achieve a power of 0.95, with €=0.05 and
d=0.50.

The online questionnaire was circulated to people from all age groups, covering rural and metro cities, students,

homemakers, and working professionals. Participants were allowed to respond from March to April 2024.

2.2. Survey Design

For each statement within the questionnaire concerning Household Food Wastage Reduction, participants were
required to select their response on a 7-point Likert scale. This scale ranged from 1 (Strongly Disagree) to 7 (Strongly
Agree), with intermediate points defined as 2 (Disagree), 3 (Somewhat Disagree), 4 (Neutral), 5 (Somewhat Agree),
and 6 (Agree) (Van Herpen et al., 2019).

There were no right or wrong answers, and the answers given were kept completely anonymous. The final
section consisted of demographic information (e.g., gender, age, family status, marital status, occupation, area of
residence, educational level, annual household income, etc.). Data was collected through an online self-administered
survey, wherein the questionnaire was shared with the participants using various social media platforms. The data

was collected across India, assuming that the respondents provided accurate responses to the survey questions.

2.8. Data Analysis using Machine Learning
The data analysis using machine learning classifiers was carried out using Python. The pipeline employed in the
study uses Logistic Regression (LR), Naive Bayes (NB), Support Vector Machine (SVM), and Random Forest (RTF)

classifiers.

| Survey data collection |

I

t Data preprocessing ‘

l

] Class balancing by SMOTE |

|

Implementing ML classifiers
(LR,NB,SVM and RF)

As per TPB As per Ext. TPB
o~
\ e

Implementing SHAP to get the top 10 features

|

| Retraining the ML classifiers on the top 10 features

I

Comparison of performance metrics
(Accuracy, Kappa, AUC-ROC,RMSE)

Figure 1. Proposed pipeline.
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To address class imbalance, improve interpretability, and optimize predictive performance, the pipeline as
depicted in Figure 1 was applied:

1. Data preprocessing: The missing values were replaced by the median values of respective columns.

2. Class balancing with Synthetic Minority Over-sampling Technique (SMOTE):

The study utilized five classes to categorize food wastage: Less or nothing, half'a portion, about one portion, 2-3
portions, and more than 8 portions. Given the imbalanced nature of these classes in survey data, SMOTE was applied
to the training dataset to achieve balance (Blagus & Lusa, 2013). This crucial step helps mitigate model biases and
facilitates more effective learning.

3. Initial Model Training:

After class balancing, each classifier LR, NB, SVM, and RF was initially trained on the class-balanced data after
applying SMOTE.

e LR - This is a classification machine learning algorithm. It is used to predict discrete values based on
independent variables. It performs linear regression for classification problems (Subasi, 2020) according to
Equation 1, where x is the input variable and y is the predicted value.

y=1/1+¢e7* (1)

® NB - NB is based on Bayes” Theorem (Friedman, Geiger, & Goldszmidt, 1997), assuming that each input
variable is independent of any other feature. This method is used for calculating conditional probabilities, i.e.,
the probability of the occurrence of an event assuming that another event has occurred, as given in Equation
2.

P(A|B) = P(B|A) * P(A)/P(B) ()

® SVM-SVM represents a category of supervised learning algorithms that can be utilized for either classification
or regression purposes. The core concept behind SVM is to identify a hyperplane that optimally distinguishes
the various classes present in the training data. This is achieved by locating the hyperplane that maintains the
largest margin, defined as the distance from the hyperplane to the nearest data points of each class. Once the
hyperplane is established, new data can be classified by assessing which side of the hyperplane it lies on. SVMs
are especially beneficial when the dataset contains numerous features and/or features a clear margin for
separation among the data points.

e RF - RF is a well-known supervised learning method, suited for classification and regression both. It uses
several decision trees on different dataset subsets and averages them to increase the dataset's predictive
accuracy. Rather than depending on a single decision tree, the RF predicts the outcome based on the majority
vote of predictions from each tree. RF is capable of handling datasets with high dimensionality. It keeps the
overfitting problem at bay and improves the model's accuracy.

4. Hyperparameter Tuning and Cross-Validation

In order to maximize performance, the hyperparameters of each classifier were fine-tuned and k-fold cross-
validation (k=10) was applied. The 10-fold cross-validation was applied to all the models for training and validation
to ensure robustness and generalization. The dataset was partitioned into 10 equal-sized subparts. The models are
trained on some subparts out of 10 and tested on the remaining subparts. This step helps to avoid overfitting of
classifiers.

5. Feature selection using SHapley Additive exPlanations (SHAP)

In our work, we employed SHAP (Holzinger, Saranti, Molnar, Biecek, & Samek, 2020), one of the techniques of
explainable AI. Explainable Al helps to interpret feature importance. The importance of the features of the Ext. TPB
was calculated by computing SHAP values on the trained models and these values were represented as summary
plots. We computed the top 10 features out of the available 45 features.

6. Retraining the Models
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The machine learning classifiers were retrained on the balanced dataset retuned by SMOTE. The top 10 features
were selected and hyperparameters were tuned again.
7.  Model Evaluation
The machine classifiers were evaluated by various evaluation metrics including accuracy, root mean square error
(RMSE) (Chicco, Warrens, & Jurman, 2021), kappa statistics (McHugh, 2012), and area under the receiver operating
characteristic curve (AUC-ROC) (Van Calster et al., 2008) providing a comprehensive measure of classification
effectiveness.
e Kappa statistics is used to measure the level of agreement between two raters. It varies from 0 to 1, with 0
indicating no agreement and 1 being a perfect agreement.
® AUC-ROC value is a graphical representation of the performance of ML classifiers. The higher the AUC-ROC
value, the better the performance of the model.
® The RMSE is the root mean square error, which indicates how accurate the predicted values given by an ML
classifier are. A good ML model will have a lower RMSE value.
The performance of the classifiers LR, NB, SVM, and RF was compared to predict food wastage as per TPB and
Ext. TPB. A comparison of Kappa statistics, AUC-ROC, and RMSE values was used as the selection criteria for

determining the best model among these.

3. RESULT AND DISCUSSIONS
3.1. Demographic Analysis

The descriptive analysis of demographic variables revealed several key characteristics of the participants. The
majority were female (78%), never married (54.5%), and possessed an undergraduate education (58.7%). Furthermore,
76% resided in urban areas, and 25% reported an annual household income of one lakh INR or more. Regarding
household composition, 30% of participants lived in households with four members, and 34.6% had one child.

Significant differences in food wastage patterns were observed across certain demographic groups. Male
participants reported significantly different monthly food wastage compared to females (p=0.05). Given that females
constituted the majority of respondents (78%) and typically manage meal planning and cooking, the average food
wastage observed was notably low at 18.50%. Individuals who were never married wasted significantly less food than
their married counterparts (p=0.05). Additionally, participants over 80 years old wasted significantly more food than
those aged 41-60 years (p=0.05).

Conversely, no significant differences in food wastage were found based on residents' location, educational

qualification, or household income (Table 1).

Table 1. Demographic characteristics of the respondents.

Demographic characteristic Population distribution
Female - 249 (73%)
Gender Male - 89 (26.1%)

Prefer not to say - 8 (0.9%)
Married-104 (30.5%)
Never Married-186 (54.5%)
Widowed - 1 (0.3%)
Marital status Divorced - 2 (0.6%)

Living with partner - 1 (0.3%)
Other - 46 (13.5 %)

Prefer not to say - 1 (0.8%)
1 member - 53 (15.6%)
Household size 2 members - 10 (2.9%)

3 members - 84 (24.5%)
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Demographic characteristic Population distribution

4 members - 103 (30.4%)

5 members - 47 (13.9%)

6 or more members - 42 (12.4%)

Prefer not to say - 2 (0.6%)

Higher School - 87 (10.9%)

Undergraduate - 200 (58.7%)

Postgraduate - 66 (19.4%)

Diploma - 4 (1.2%)

Doctorate - 33 (9.7%)

Prefer not to say - 1 (0.3%)

Urban - 262 (76.8%)

Rural - 79 (23.2%)

None - 109 (32%)

1 Child - 118 (34.6%)

2 children - 81 (23.8%)

Number of children in household 3 children - 17 (5%)

4 children - 11 (3.2%)

5 children - 2 (0.6%)

6 and more - 3 (0.9%)

(RS.O - RS.19,999) 40 — 10.7%
(RS.Q0,000 — RS.39,999) 61 —21.4%
(Rs.40,000 — Rs.59,999) 53 — 17.9%

Household income in INR (monthly) (Rs.60,000 — Rs.79,999) 45 — 14.3%
(
(

Education

Household location

Rs.80,000 — Rs.99,999) 33 — 7.1%
Rs.1 Lakh and above) 97 — 25%
Prefer not to say 12 — 3.6%

The survey revealed strong agreement among respondents on several key aspects of food wastage. Participants
generally reported producing little to no waste (Mean = 6.33, Std. Dev. = 1.02), actively trying to repurpose food
(Mean = 6.24, Std. Dev. = 0.89), and holding a strong belief that wasting food is immoral given global hunger (Mean
= 6.50, Std. Dev. = 0.90).

Furthermore, respondents expressed significant discomfort with food wastage, indicating it disturbs them (Mean
=6.52, Std. Dev. = 0.78) and that they perceive it as a waste of money. The act of discarding food also elicited feelings
of guilt (Mean = 6.45, Std. Dev. = 0.87). Many participants attributed their aversion to food waste to their upbringing,
having been raised to believe in not wasting food (Mean = 6.27, Std. Dev. = 0.88), and linked food waste reduction to
personal improvement (Mean = 6.07, Std. Dev. = 1.14).

A sense of duty and seriousness regarding food waste was also evident. Respondents largely viewed reducing
food wastage as a duty (Mean = 6.10, Std. Dev. = 1.50) and a genuine and serious concern (Mean = 6.26, Std. Dev. =
0.91). They acknowledged the environmental implications of food wastage (Mean = 6.12, Std. Dev. = 0.98),
recognizing the need for effective food waste management (Mean = 6.37, Std. Dev. = 0.86) due to its impact on food
shortages in other regions (Mean = 6.03, Std. Dev. = 1.14). There was a collective agreement that every individual
can contribute to global food waste reduction (Mean = 6.22, Std. Dev. = 1.25).

Statistical analysis further corroborated these perceptions, indicating that the additional attributes of self-
responsibility, eco-consciousness, and food and home management play a significant role in predicting food wastage
behavior.

Most respondents reported discarding less than one portion of purchased food or none, as shown by the survey
results. Table 2 provides a comprehensive breakdown of the wastage observed across different food categories and

their respective portion sizes.
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Table 2. Percentage of food wasted in different food groups.

C : Percentage of food wasted
ategories of food I : 3 - : :
ess or nothing |Half portion | About 1 portion | 2-3 portions | More than 3 portions

Fruits & vegetables 70.90% 14.10% 8.80% 4.70% 1.50%

Rice & breads 76.50% 14.70% 5.80% 2.90% 0.60%

Pulses 80.00% 11.80% 5.830% 1.80% 1.20%

Dairy products 87.40% 6.80% 3.20% 1.80% 0.90%
Non-vegetarian food 88.80% 7.60% 1.80% 0.60% 1.20%

Bakery food 85.60% 8.80% 3.80% 1.20% 0.60%

As revealed in Table 2, fruits & vegetables have the highest wastage. Although 70.9% of respondents reported
minimal to no waste for these, 14.1% waste at least half a portion, and 8.8% discard approximately 1 portion. Since
fruits and vegetables are highly perishable, they are wasted more than other food items. For rice and bread, wastage
is notably minimal, with 76.5% of respondents reporting little to no waste. However, 14.7% still waste at least half a
portion. This often occurs because these foods are commonly over-prepared and not always stored properly.

Pulses (80%), dairy, and non-vegetarian food (88.8%) show the highest percentages of people reporting "Less or
Nothing" wasted. This minimal waste for dairy and non-vegetarian items is likely due to their relatively high cost,
which encourages careful consumption. Pulses, being non-perishable, also contribute less frequently to waste. While
bakery food wastage is considerable, it remains lower than that of fruits and rice. Specifically, 85.6% of respondents
report minimal bakery waste, though 8.8% still discard at least half a portion. The generally low wastage of bakery
products can be attributed to their tendency to be purchased in smaller quantities and consumed immediately.
Overall, the data presented in Figure 2 illustrates that food wastage across various food groups predominantly falls

into the "Less or Nothing" category.

Food wastage by category and portion size

100+

80r

60

40t

Percentage of food wasted

Portion Size

20 F W Less or Nothing

mm Half Portion
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Figure 2. Graph between food category and wastage percentage.

3.2. Machine Learning Classifiers
The study of food wastage from an Indian perspective has been conducted using supervised machine learning

classifiers. The dataset was compiled from a survey comprising 341 responses and 45 factors influencing household
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food wastage. The machine learning algorithms were evaluated through k-fold cross-validation. This method was
chosen because the dataset size was small (341 responses), and therefore, a train-test split was not employed. After
the k-fold validation, the machine learning algorithms were used to predict food wastage.

Initially, Logistic Regression (LR), Naive Bayes (NB), Support Vector Machine (SVM), and Random Forest (RF)
algorithms were applied to the traditional TPB attributes (Intentions, Personal Attributes, Financial Attributes,
Environmental Attributes, Food Safety Attributes, Perceived Behavioral Control, Subjective Norms) from the survey
data. Subsequently, these same classifiers were run on the Extended TPB (Ext. TPB) attributes, which additionally
included Moral Norm, Personal Norm, Good Provider Identity, Household Planning Habits, Environmental
Knowledge and Awareness, Awareness of Consequences, and Ascription of Responsibility.

A comparison of the algorithms' performance revealed that the prediction accuracy of LR, NB, SVM, and RF was
lower when applied to the traditional TPB attributes compared to the Ext. TPB, where the additional attributes

significantly improved predictive power. These results are summarized in Table 3.

Table 3. Performance matrix of different machine learning algorithms.

Machine Correctly classified Kappa statistics Root mean squared Weighted AUC-
learning instances error (RMSE) ROC
classifiers Ext. TPB | TPB Ext. TPB TPB Ext. TPB TPB Ext. TPB | TPB
LR 58% 46.90% 0.4036 0.1996 0.3013 0.3287 0.812 0.72
NB 50.14% 41.29% 0.3125 0.18 0.3552 0.3609 0.733 0.688
SVM 84.67% 81.71% 0.862 0.7709 0.193 0.222 0.876 0.673
RF 80% 78.65% 0.645 0.523 0.308 0.421 0.824 0.762
Note:  Best performance is highlighted in bold.

It has been observed that the prediction accuracy in terms of correctly classified instances of SVM is 84.67% for
Ext. TPB, whereas it is 81.71% for TPB. The kappa statistic for SVM is 0.862 for Ext. TPB, which is higher than
0.7709 for TPB. The RMSE of SVM for Ext. TPB is 0.193, which is lower than for TPB (0.222). Also, the weighted
AUC-ROC for Ext. TPB is 0.876, higher than that for TPB (0.673). The evaluation metrics of TPB and Ext. TPB

are graphically represented in Figure 3.

Performance comparison: Extended TPB vs TPB models
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Figure 3. Comparison of evaluation metrics for TPB and Ext. TPB using machine learning classifiers.
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Expanding upon established literature, which has augmented the Theory of Planned Behavior (TPB) with
constructs such as guilt, behavioral control, injunctive norms, and knowledge-related factors to better understand
food wastage (Aydin & Aydin, 2022; Chen, 2023), our study achieved a 12% improvement in prediction accuracy over
the traditional TPB. This outcome supports prior research, such as Attiq, Habib, Kaur, Hasni, and Dhir (2021), who
identified cognitive factors (e.g., awareness of consequences, environmental knowledge) as positively linked to food
waste reduction behavior. A key distinction of our work is its focus on the Indian context, where food consumption
is uniquely shaped by cultural practices and socio-economic diversity.

To interpret classifier predictions, the SHAP technique of XAI was applied to identify the top contributing
attributes from the 45 factors influencing food wastage. Prior to SHAP application, section-wise averages of attribute
values were calculated. Figure 4 illustrates the mean SHAP values, revealing perceived behavioral control as the most
significant attribute. This is closely followed by household planning habits, subjective norms, personal norms,
intention, personal attitude, financial attitude, good provider identity, environmental awareness, and ascription of
responsibility. Notably, household planning habits, an attribute specifically included in the Ext. TPB plays a pivotal
role in predicting food wastage. These SHAP results reinforce the comprehensiveness of the Ext. TPB and

demonstrate the utility of XAI techniques in uncovering interpretable attributes related to food wastage.

Top 10 features by SHAP importance

Perceived behavioral control
Household planning habits
Subjective norm

Personal norm

Intention

Personal attitude

Financial attribute

Good provider identity
Environmental awareness

Ascription of responsibility

0.004 0.006 0.008 0.010 0.012
Mean absolute SHAP value
Figure 4. Top 10 attributes of food wastage given by SHAP.

0.000 0.002

This study demonstrates the need to go beyond the traditional TPB to understand something as complex as
household food wastage. The machine learning models performed noticeably better with the inclusion of additional
behavioral and contextual factors. This suggests that people’s food waste behavior is influenced by more than just
intentions or perceived control it's shaped by a broader mix of financial, environmental, and personal factors. A
broader perception is required to obtain a more realistic and effective understanding of food wastage.

This is particularly valuable in behavioral research, where transparency is essential for translating model outputs
into actionable insights. The SHAP analysis revealed that food management practices, perceived behavioral control,
subjective norms, and personal norms had the highest positive SHAP values across most predictive models.
Conversely, variables such as attitude and environmental concern exhibited lower SHAP values, indicating less
predictive influence in this context.

The limitation of the work is the survey data which does not cover all the Indian states. Although the online
questionnaire was circulated pan-India, it still lacks representation from some states. Hence, it does not fully cover
the socio-cultural, economic, and environmental diversity across the country. The regional factors like local food and

cuisines, cultures, and customs influence household food waste behavior across different states. Future work should
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expand data collection from all Indian states, spanning North, South, East, and West; this will help in generalizing
the findings and incorporate regional relevance.

The findings of this study can help policymakers and food agencies to create awareness campaighs to prevent
food waste. The awareness programs should emphasize the importance of household planning, which is one of the
attributes responsible for food wastage in households as given by SHAP. Training sessions should be designed to
educate people about meal planning, reusing food leftovers, and sensitizing them about food scarcity across the globe.
Mobile apps and SMS-based reminders can be designed to help people understand their food requirements and plan
food purchases and meal preparation accordingly. The interpretation given by SHAP can be used for data-driven

policymaking.

4. CONCLUSION

In the present work, it has been observed that in Indian households, most respondents are sensitive to the global
food shortage and do not believe in wastage; hence, they try to reuse excess food in other ways. Respondents believe
that food waste reduction is a duty and an approach towards sustainability and eco-friendly practices.

The present work provides an integrative approach to predicting food wastage in Indian households by proposing
an extended Theory of Planned Behavior (Ext. TPB), supported by machine learning algorithms and explainable Al
techniques. Machine learning models, particularly Support Vector Machines (SVM), outperformed other classifiers
on Ext. TPB. Moreover, the incorporation of SHAP (SHapley Additive exPlanations) offers insights into the relative
importance of each attribute, helping to bridge the gap between predictive performance and interpretability. The
attributes of food management practices, perceived behavioral control, subjective norms, and personal norms are
among the most influential factors in reducing food waste. These findings emphasize the need for good household
planning skills and not just attitudinal change.

These insights can be helpful to policymakers and environmentalists in targeting campaigns for household
planning and individual accountability for reducing food waste. Future studies can consider broader geographic and
demographic samples to enhance predictive performance. Additionally, incorporating ensemble learning and other

XAI frameworks can be explored to improve prediction accuracy and provide more behavioral insights.
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