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ABSTRACT: The bullwhip effect continues to be an intractable issue in supply chain management that is borne out in
excessive demand amplification, poor stock management and accumulation, and cost escalation within FMCG supply
chains. This dissertation considers the role of Predictive Artificial Intelligence as a mitigation for the bullwhip effect in
FMCG supply chains operating in North India. Using a systematic literature review, and primary quantitative data
collected from 215 supply chain professionals, we investigate the role of Al in demand forecasting and real-time
information sharing on the variability of orders, costs of inventory, and service levels. Using a mixed-methods design
combining regression analysis, chi-square tests, paired-samples t-tests, and cross-tabulation, we test four hypotheses.
We find that Al infrastructure has a significant positive association in adjusting demand-supply alignment although
these relationships are not significant at any conventional threshold, possibly implying that contextual and
organizational factors mediate the discussed effects. Clearly, there are mixed measures in terms of the need of an Al-
driven automated inventory reduction process so that it reduces a panic ordering spree on a festival season peak (p =
0.071). The complex climate of Al implementation in fragmented, infrastructure-poor environments such as North
India, where data usage, digital literacy, and traditional trade prevalence poses challenges. Our findings provide
important guidance for FMCG managers, technology vendors, and policy makers in leveraging Al as a tool for
bullwhip effect mitigation in such regions as noted.

KEYWORDS: bullwhip effect, predictive Al, FMCG supply chain, demand forecasting, North India, machine
learning, inventory optimization.

L. INTRODUCTION

The Indian Fast-Moving Consumer Goods (FMCG) sector is vital to the economy, contributing around 4% of the GDP
and employing over 3 million people directly (CII, 2022). With a market size estimated to be USD 110 billion in 2023,
and set to double to reach USD 220 billion by 2030, the Indian FMCG is diverse and complex (Nielsen, 2023). Food
and beverages, personal care, household products, and healthcare compete for shopper attention with high turnover, low
margins, and razor-thin cursors separating winners from losers. The billion-mile journey from factory to shelf must
navigate an extensive web of manufacturers, distributors, wholesalers, and retailers while keeping product fresh,
scheduling seasonal increases and decreases in demand, and adapting to the latest fads and crazes (Chopra and Meindl,
2011). In that huge and complicated world of supply chain activity, the bullwhip effect is especially harmful to efficient
activity and sensible profit margins.

The bullwhip effect was first described by Forrester, (1961), while the term came into common use when it was
popularized by Lee, Padmanabhan, and Seungjin Whang (1997). The supply chain bullwhip effect is a case where
small positive and negative forecast errors ‘whip’ through the supply chain. The whip gets bigger each time it passes on
to the next ‘purchasing’ point in supply, from retailer level to distributor to 3PL to manufacturer. In the Indian FMCG
sector, the bullwhip effect is most clearly observed in annual festivals like Diwali, Holi and various regional
celebrations where over ordering can transfer all the way back to large-unit purchase by factories for raw material
supply in excess of market requirements (Sharma and Bhat, 2020). The ramifications of this amplification are severe:
there is excess accumulation of inventory in warehouses as products become obsolete, products run out when actual
demand should occur and ultimately, lower margins throughout the entire supply chain network. An example from the
North Indian market: a leading biscuit manufacturer found that while their retail sales of a key line varied by 15% week
on week the orders received back from their distributors were fluctuating by 35%, while its own production schedule
was differing from week to week by almost 60% (Kumar & Singh, 2021). The peak and troughs thus lead to men being
idle and lines overtime producing when volume falsely appears high and undergoing costly changeovers lines when the
real demand arrives. A leading personal care company in Delhi NCR said the bullwhip effect increased the cost of
holding inventory above desired levels by 40%, with 12% of its retail outlets suffering from stockouts although the

IJARETY © 2026 |  AnISO 9001:2008 Certified Journal | 2268



http://www.ijarety.in/

International Journal of Advanced Research in Education and TechnologY(IJARETY)

| ISSN: 2394-2975 | www.ijarety.in| | Impact Factor: 9.971| A Bi-Monthly, Double-Blind Peer Reviewed & Refereed Journal |

f'j IJARETY || Volume 13, Issue 3, May - June 2026 ||
DOI:10.15680/IJARETY.2026.1303081

industry suffered from excess inventory (Gupta et al., 2022). The bullwhip effect turned theory into tangible operations
and financial difficulties.

The advent of predictive artificial intelligence and machine learning technologies holds promise for assuaging the
bullwhip effect through superior demand forecasts, real-time visibility into the supply chain where and how product is
(or is not) moving and intelligent inventory optimization (Baryannis et al., 2019). Predictive Al techniques leverage a
suite of technologies such as neural networks, deep learner types of algorithms, ensemble methods, and reinforcement
learning

systems to scrutinize massive datasets and recognize complex patterns and produce accurate demand forecasts that
account for multiple variables at the same time (Carbonneau et al., 2008). In contrast to traditional statistical methods
of forecasting based on simple averages and trends that lend themselves to linear extrapolation, Al platforms and tools
integrate diverse data sources, including point-of-sale data, weather patterns, social media sentiment, promotional
calendars, economic indicators, and competitive activities, to produce more nuanced and accurate predictions (Kilimci
et al., 2019). In this way, Al systems “learn” from training data, thereby improving their predictions accuracy over time
as they interact with new data and the results of their predictions. In particular, in the FMCG sector, predictive Al
applications hold great promise for improving forecast accuracy, resulting in lower forecast errors, reduced safety stock
levels, and better collaborative planning across supply chain partners (Boone et al., 2019). Leaders in global FMCG
companies have reported improvements in forecast accuracy of 20-50% after implementing Al-enhanced demand
planning systems, as well as decreased inventory levels and improved product availability (Hofmann & Rutschmann,
2018). Nevertheless, while the adoption of these concepts and technologies in emerging markets like India, particularly
in regional contexts like study like North India remain under-explore in terms of academic literature. North India
represents a key region for applications of Al technology in the India, possessing very authenticated unique dynamics
that characterize the Indian supply chain. With a total population of around 40% of the overall national population, and
accounting for a significant share of FMCG consumption as he stated in “Report of the House Panel on FMCG Retail
Sector”, the region comprises important states like Punjab, Haryana, Uttar Pradesh, Uttarakhand, and Himachal
Pradesh, as well as the capital city of Delhi NCR, besides. Other important regions like Rajasthan and Chandigarh.
Studies into Al applications in supply chain management within North India could advance understanding of Al
adoption in regional contexts that are ripe for more research, particularly in how regional markets adapt and implement
these innovations uniquely. North India poses a particularly gratifying context for studying the implementation of these
new tools, where they will potentially have the most impact on domestic lives. The region has a diversity of urban
centers, such as Delhi, which is one of the world's biggest metropolitan areas, as well as a vast rural market with
different levels of infra development (Planning Commission of India, 2021). The area has extreme seasonal variations
in the demand pattern and logistics operations as the summer temperature reaches above 45°C and winter temperature
is below freezing in some areas (Indian Meteorological Department, 2023). Further, North India has an agricultural
production belt of significance and is witnessing high adoption of digital and a growing e-commerce ecosystem that
provides rich data streams for Al applications (NASSCOM, 2022).

II. REVIEW OF LITERATURE

Theoretical Foundations of the Bullwhip Effect

Since the work of Forrester (1961) who first showed that oscillations in production and inventory systems could result
from information delays and decision-making processes in supply chain management, the bullwhip effect has been
widely recognized as a fundamental challenge in supply chain management. The phenomenon came to the forefront of
discussion after the publication of Lee et al. (1997).

Demand signal processing takes place when the supply chain partners apply smoothing and adjustment techniques to
the demand data from past orders to predict future orders, which introduces more variability (Chen et al., 2000). If a
retailer sees an increase in sales, he will order more than the increase, creating safety stock, and this over-observed
order signal will travel upstream.

Predictive AI and Machine Learning in Supply Chain

In the last ten years, the use of artificial intelligence and machine learning in supply chain management has grown
significantly due to the proliferating information, computational power, and algorithmic complexity (Baryannis et al.,
2019). The different techniques used for predictive Al have different capabilities for solving specific problems in the
supply chain: supervised learning methods (regression, classification), unsupervised learning (clustering,
dimensionality reduction), and reinforcement learning (Carbonneau et al., 2008).
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The traditional statistical forecasting techniques include moving averages, exponential smoothing, and ARIMA models,
which have been widely used for many years in FMCG companies (Hyndman & Athansopoulos, 2018). These
approaches work well when demand is stable, but are less effective when the demand is complex, non-linear and
influenced by multiple factors as in the real world of FMCG demand (Syntetos et al., 2016).

FMCG Supply Chain Challenges in North India

North Indian FMCG market is a special blend of opportunities and challenges as compared to both the developed
markets and other emerging economies. The region is home to over 500 million people, who are also a part of the
growing middle class with purchasing power, making the area a significant growth market for FMCG companies
(Ministry of Statistics and Programme Implementation, 2022).

However, infrastructure problems also have a profound effect on the efficiency of supply chains and they can lead to
dynamics in the bullwhip effect. Rural areas, especially, have limited access to modern highways, warehousing
facilities, and logistics services, whereas in major urban areas, these services are available. During the monsoons,
flooding in rural areas can leave them without reliable road access for several weeks (National Highways Authority of
India, 2022).

III. RESEARCH DESIGN

The study has a pragmatic philosophy of research which acknowledges that an understanding of the impact of Al on
bullwhip effect will be both the objective measurement of the result of the research and the interpretative understanding
of the processes of implementing Al and the contextual factors (Creswell & Plano Clark, 2018). This philosophical
stance supports the mixed methods design that takes advantage of the complementary strengths of quantitative and
qualitative methods to offer a more comprehensive understanding than either would do alone (Johnson &
Onwuegbuzie, 2004). The research design is an explanatory sequential design (Creswell & Plano Clark, 2018) that
starts with quantitative analysis of data from the supply chain to quantify the intensity of the bullwhip effect and
evaluate the relationship between the use of Al and the reduction in demand variability. This is a quantitative phase
during which you set up the empirical basis and find patterns that need to be explored in more detail. The following
qualitative phase uses a variety of case-studies to shed light on the questions of how and why successful applications of
predictive Al can reduce a bullwhip effect, and what factors of the implementation process, organizational and
contextual can be detected through quantitative data.

Research Gap

e Very less research has been conducted on the application of predictive Al for minimizing the bullwhip effect
in the FMCG supply chain in North India, an emerging market.

e  Most of the current research is centred around the technical aspects of Al models, rather than the readiness of
organisations, data governance aspects, and implementation considerations.

e The aspects of the North Indian FMCG supply chains, which are a fragmented market, seasonal demand and
variable infrastructure have not been explored in depth.

e Previous studies have been conducted using simulations or secondary data, and few have used a mixed method
analysis, that is, a combination of quantitative and qualitative data.

Research Objective
1. Use Cases of Predictive Al and Machine Learning in Supply Chain Management.
2. To examine the characteristics and bullwhip-related challenges of FMCG supply chains in North India.

Research Hypothesis

HO (Null Hypothesis): There is no significant difference in the intensity of Bullwhip effect with the use of predictive
Al technologies in FMCG supply chain in North India.

H1 (Alternative Hypothesis): Predictive Al technologies have a significant impact in reducing the intensity of the
bullwhip effect in FMCG supply chain.

H2: Reduced Order Variability Decreases Inventory Holding Costs and Improves Service Levels

H3: Al Implementation Effectiveness Varies with Digital Maturity and Data Infrastructure
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IV. DATA INTERPRETATION AND ANALYSIS

This section offers an in-depth analysis of the main quantitative data from 215 FMCG supply chain professionals across
North India. The analysis is broken down by four analytical frameworks: Multiple Regression analysis (to examine the
effect of the Al infrastructure on the outcomes of the bullwhip effect); Chi-Square analysis (to assess associations
between the operational improvements possibilities enabled by Al); and paired-samples t-testing (to evaluate the
festival-season panic ordering mitigation possibilities enabled by Al).

Demographic Profile of Respondents
There were 217 questionnaires distributed, 215 (N = 215; 2 missing) of which were valid. The following is a summary

of the demographic profile.

Table: Demographic Profile of Respondents

Demographic Variable Category Frequency (%)
Gender Male 103 (47.9%)
Female 112 (52.1%)
Age Group 18-25 Years 59 (27.4%)
26-30 Years 53 (24.7%)
31-40 Years 48 (22.3%)
41+ Years 55 (25.6%)

The sample is rather gender balanced with a slight majority of women (52.1%). The age distribution is fairly consistent
with the ages ranging from 18 to 25 showing the highest number (27.4%) and the ages 31 to 40 showing the lowest
number (22.3%). This is reflective of the youthful work force in Indian FMCG companies, which is especially true for
supply chain and demand planning positions. The even distribution in the personal characteristics of the participants
increases the external validity of the results for different fields of work.

Hypothesis Testing Summary

Table - Hypothesis Testing Summary (*p <.05)

Hypothesis Statement Key Finding Decision

HO/H1 Al  implementation  significantly  reduces | p =.308-.658 HO not rejected
bullwhip effect

H2 Reduced order variability decreases inventory | ¥* p > .05; p = | Partially supported
costs and improves service levels —0.164%* (mixed)

H3 Al effectiveness varies with digital maturity and | Data quality B | Directionally supported
data infrastructure =0.052 (not significant)
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The results of the hypothesis testing are inconclusive and do not give certain proof of the effectiveness of predictive Al
for minimizing the bullwhip effect in FMCG supply chains. The results show that the use of Al for the primary
hypothesis (HO/H1) failed to statistically significantly reduce the bullwhip effect, with p-values between .308 and .658,
which do not meet the standard significance level of 0.05. Thus, the null hypothesis (H0) was accepted and the results
did not reveal a statistically significant effect of the use of Al to reduce the bullwhip effect in the analyzed sample.

The findings of the second hypothesis (H2), which suggested that the level of variation would be reduced, therefore
decreasing inventory holding costs and improving service, were mixed. However, the Chi-Square test showed no
significant association (p > .05) and, the Spearman correlation showed a weak but significant negative correlation (p =
—0.164, p < .05). This means that while the categorical association was not significant overall, there is some suggestion
that this could be enhanced by lower order variations. Thus, it was deemed that H2 was partially supported.

In the context of H3, results indicate that the impact of implementing Al can be different based on digital maturity and
data infrastructure. The effect was not statistically significant, but the regression coefficient for data quality (B = 0.052)
was in a positive direction. Thus, improved digital infrastructure and data quality may result in more efficient use of Al,
but the results were not statistically significant enough to support this hypothesis. Therefore, H3 was accepted as a
directionally supported hypothesis, and not a statistically confirmed one.

V. FINDINGS AND DISCUSSION

e Alinfrastructure and data quality had positive, albeit not statistically significant, relationships with demand—supply
gap reduction.

e The results have shown that Al is not enough if there is no readiness and cross-functional coordination in the
organization.

e  The null hypothesis (HO) could not be rejected.

e  There was no meaningful reduction in order batching as a result of the use of Al infrastructure.

e  Structural factors like periodic ordering, transportation consolidation and incentives offered by distributors play a
major role in order batching.

e But Al adoption requires process redesigning and real-time inventory systems.

The positive, but not statistically significant, effects of data quality and leadership were on reducing demand

amplification.

Al forecasts are hindered by poor data quality and inconsistency.

Effective data governance and uniform reporting are crucial for successful implementation of Al

The trade-off between service level and demand amplification is discussed in this section.

A weak but significant negative correlation (p = —0.164, p = .016) was found between service level improvement

and demand amplification reduction.

The variation in upstream demand can be increased by higher levels of service.

e Demand smoothing and collaborative inventory planning are essential components of Al-powered supply chain
optimization.

e During the festival seasons, the use of Al for real-time monitoring improved forecasting accuracy by a small
margin.

e  While statistically not significant, real-time demand sensing could contribute to minimizing delays and accelerate
responsiveness during times of demand spikes.

e Real-time POS data and dynamic forecasting can aid in the control of seasonal bullwhip effects in the North Indian
FMCG market.

VI. CONCLUSION

This study explores the role of predictive Al application in minimizing bullwhip effect in the FMCG supply chain in
North India with the help of literature review and a primary data collection from 215 respondents. The study was
focused on studies that have been undertaken on the application of Artificial Intelligence (AI) in Supply Chain
Management (SCM) in Emerging Market (EM) context limited to North India.

The results indicate that while predictive Al can, in theory, help to mitigate the bullwhip effect, Al infrastructure does
not meaningfully enhance demand—supply alignment, order batching reduction, and demand amplification prevention.
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Organizational readiness, data governance, collaboration, and process redesign are also likely to be crucial for the
success of Al implementation, as evidenced by the low explanatory power of the regression models.

A weak, yet significant, negative correlation was discovered between the reduction of demand amplification and the
improvement of service level, which suggests that greater service level may have an unintended increase in upstream
demand variability. Notably, the study also revealed that the adoption of Al-powered real-time tracking can have a
positive impact on demand management during festivals when the demand is most volatile and unpredictable.

The study is significant because of its emphasis on the specific issues of providing FMCG in North Indian supply
chain, such as fragmentation of the market, seasonal demand, and infrastructure constraints. It finds that the
implementation of Al is not enough and that the key to a successful reduction of the bullwhip effect is the improvement
of data quality, the preparedness of the organization, and the transformation of bullwhip effects in the supply chain.
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