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Abstract:

India’s fast-moving consumer goods (FMCG) sector is rapidly growing but faces challenges in balancing
high service levels with efficient inventory turnover. This study examines how predictive demand
segmentation — using data-driven grouping of products and customers by demand patterns — can enhance
inventory management in Indian FMCG manufacturing. Employing a mixed-methods approach (combining
quantitative analysis of sales/forecast data and qualitative insights from industry experts), we analyze
segmentation techniques and their effects on key performance indicators. We find that clustering SKUs by
demand variability and applying tailored forecasting models significantly reduces stockouts and excess
inventory. For example, Gradient Boosting time-series models achieved the lowest forecast error (MAPE
~6.8%), allowing leaner safety stocks and higher turnover (Dhongde & Nanda, 2024). Simulation of demand
spikes showed that proactive planning (via segmentation and scenario analysis) helped maintain service levels
even with a 20% demand surge (Dhongde & Nanda, 2024). In practice, companies like Hindustan Unilever
have applied Al-driven forecasting to optimize supply chains and improve both turnover and service
(Unilever Hindustan Unilever Limited, 2025). Our findings suggest that advanced segmentation and
predictive analytics together enable FMCG manufacturers in India to tailor inventory policies by segment,
boosting inventory turnover and service level performance.

Introduction in India’s demanding markets. At the same time,
The Indian FMCG industry — the country’s fourth- stagnant or slow-moving inventory can erode
largest sector — has been expanding rapidly, with profitability. This study explores how predictive
annual value growth around 10% in late 2024 demand segmentation — dividing products and
driven by rising rural demand and price inflation customers into data-driven groups with similar
(India Brand Equity Foundation, 2025). This demand patterns — can reconcile this trade-off in
growth, however, brings complex supply-chain Indian FMCG manufacturing.

challenges. FMCG products have high turnover Predictive = demand segmentation  involves
and relatively low margins, so companies must clustering SKUs or customer segments based on
swiftly meet volatile demand without carrying forecasted demand characteristics (e.g., stable vs.
excessive stock (Chandra & Arrawatia, 2015; India intermittent demand, seasonality, variability) and
Brand Equity Foundation, 2025). Maintaining high then tailoring planning strategies for each segment.
service levels (ensuring products are in stock to Unlike traditional one-size-fits-all approaches,
fulfill customer demand) 1is critical for segmentation recognizes that different products
competitiveness (Chandra & Arrawatia, 2015). may require different inventory policies (e.g.,
Inventory management in FMCG thus involves a make-to-stock for high-volume staples vs. make-
trade-off: higher service levels often mean more to-order for niche items). As Hilletofth, Ericsson,
safety stock, which reduces inventory turnover Hilmola, and Ujvari (2008) argue, “one-size-fits-
(ratio of sales to inventory). Chandra and all” supply chain strategies are often suboptimal;
Arrawatia (2015) note that “high customer service companies should develop differentiated supply
level is important for business success,” especially chain approaches aligned with specific demand
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environments. In the FMCG context, segmentation
can help focus forecasting and replenishment on
the right items. For instance, seasonal snacks and
basic toiletries can be treated differently based on
predictability.

This paper uses a mixed-methods research design:
statistical analysis of FMCG sales and inventory
data, combined with industry case interviews. We
first review key concepts (forecasting,
segmentation, and inventory metrics) in the
literature. We then describe our methodology,
including data sources and analytical techniques.
The results section presents quantitative findings
on forecast accuracy, inventory turnover
improvements, and simulated service level
outcomes under segmentation. The discussion
interprets these results in light of industry practice
(including real examples from Indian FMCG
firms) and suggests managerial implications. The
study concludes that predictive segmentation —
powered by machine learning and analytics — can
substantially improve inventory turnover and
service level simultaneously.

Literature Review

Indian FMCG Context

India’s FMCG sector has shown robust growth in
recent years. According to industry reports, the
sector grew 10.6% in Q4 2024, driven by strong
rural demand (India Brand Equity Foundation,
2025). It is supported by factors like rising
disposable incomes, youth demographics, and
government initiatives. Half of India’s FMCG
sales come from household and personal care
products (India Brand Equity Foundation, 2025).
However, this growth also highlights the need for
resilience: supply chains must quickly adapt to
changing consumer trends. As Hindustan Unilever
notes, Al and analytics are being deployed across
its operations (forecasting, distribution, marketing)
to “enhance operational efficiency and user

engagement” (Unilever Hindustan Unilever
Limited, 2025). In sum, the Indian FMCG
manufacturing environment 1S dynamic;

companies face demand volatility, short product
life cycles, and competitive pressures to avoid
stockouts while keeping inventory costs low.
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Inventory Turnover and Service Level
Inventory turnover ratio (ITR) — often calculated
as cost of goods sold divided by average inventory
— 1s a key metric of supply chain efficiency
(Chandra & Arrawatia, 2015). Higher turnover
indicates faster sales relative to stock, implying
leaner inventory. Conversely, service level (also
called customer service level) measures the ability
to meet demand without stockouts. Phipps (2025)
defines service level as the probability of fulfilling
demand (e.g., 95% service level means meeting
demand 95% of the time). In inventory planning, a
higher targeted service level requires more safety
stock, which tends to lower turnover. Thus,
companies must balance these objectives: ensuring
product availability (high service) while avoiding
overstock (high turnover) (Phipps, 2025).
Chandra and Arrawatia (2015) found that in
India’s trading (wholesale/retail) sector,
maintaining high service levels was a primary
challenge due to infrastructure and tax constraints.
They highlight that “high customer service level is
important for business success,” which makes
inventory management difficult. Traditional
inventory policies (e.g., uniform reorder points)
often cannot cope with the nuances of FMCG
demand (seasonality, promotions, new product
introductions). The tension between turnover and
service level is well-documented: optimizing one
usually impacts the other unless demand can be
forecasted more accurately and segmented by
different patterns (Phipps, 2025; Chandra &
Arrawatia, 2015). Recent research emphasizes that
linking inventory targets to product demand
profiles (rather than treating all products the same)
can improve both metrics (Phipps, 2025; Arkieva,
n.d.).

Demand Segmentation Approaches

Demand segmentation refers to dividing products
or customers into homogeneous groups based on
demand characteristics, to improve forecasting and
planning. This concept has gained attention in
supply chain management as firms recognize that
diverse products (and markets) need distinct
treatment (Hilletofth et al., 2008). A widely cited
definition frames demand segmentation as
“analyzing demand data divided into smaller



International Journal of Advanced Multidisciplinary Research and Educational Development

Volume 1, Issue 3 | September - October 2025 | www.ijamred.com

sections (segments) to help measure performance
or improve service levels” (Arkieva, n.d.). In
practice, companies use various segmentation
bases. Common approaches include:

e KPI-based segmentation: Products are
grouped by key performance metrics (e.g.,
high vs. low volume, high vs. low margin)
(Arkieva, n.d.). For example, a product’s
sales volume, number of orders, revenue
contribution, forecast error, or inventory age
can be used as segmentation criteria. This
helps prioritize items that are most critical to
service or profitability.

e Lifecycle-based segmentation: Products are
categorized by their stage in the product
lifecycle (new, growth, mature, decline)
(Arkieva, n.d.). New or growing products
often have unpredictable demand, requiring
agile planning, while mature products may
have stable demand suited to lean inventory.

e Forecast-based  segmentation:  Using
historical data patterns to segment products
(e.g., seasonal, trend, intermittent demand,
high or low variability) (Arkieva, n.d.). This
aims to improve forecast accuracy by
applying suitable models to each segment
(e.g., seasonal ARIMA for seasonal items,
Croston’s method for intermittent demand).

Each segmentation method can be used alone or in
combination. The goal is to “divide and conquer”
the overall demand: treat each segment with
tailored forecasting and inventory rules. Arkieva
(n.d.) notes that segmentation allows firms to
determine “which products satisfy demand for a
group of customers” and to optimize inventory
policies accordingly. For instance, essentials with
high and stable demand may target near-100%
service level with steady reorder points, whereas
low-volume, erratic items might be stocked on
demand or at a lower service target to avoid excess
inventory.

Predictive demand segmentation takes this further
by using predictive analytics to define segments.
For example, machine learning clustering (e.g., K-
means) can group SKUs by similarities in demand
history (Dhongde & Nanda, 2024). We might
cluster by average demand and variability, yielding
segments like “high-volume high-variability”
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versus “low-volume stable” items (Dhongde &
Nanda, 2024). Each cluster then has its own
forecast model and inventory rule. In effect,
predictive  segmentation  uses  data-driven
techniques (statistical or ML) to automate the
segmentation process, rather than relying solely on
heuristics. Combining ML-driven clustering with
order pattern analysis enables “customer
segmentation based on delivery preferences” and
more personalized service offerings (Dhongde &
Nanda, 2024). In supply chain practice,
segmentation enables differentiated supply chains:
lean strategies (minimize cost) for some segments
and agile strategies (maximize service) for others
(Hilletofth et al., 2008).

Predictive Analytics in FMCG Supply Chains

The integration of predictive analytics into FMCG
supply chains is a growing trend. Predictive
analytics refers to using statistical and machine
learning (ML) models to forecast demand and
optimize operations based on large historical
datasets (Dhongde & Nanda, 2024). In FMCQG,
these tools can anticipate demand swings and
suggest inventory actions in advance. Dhongde
and Nanda (2024) report that predictive analytics
“not only improves accuracy in forecasting but
also supports proactive inventory and distribution
strategies.” For example, their study showed that a
Gradient Boosting model achieved the lowest
forecast error (MAPE ~6.8%), outperforming
traditional ARIMA models. Such improvements in
forecast accuracy directly translate into better
inventory turnover and service. Olutimehin et al.
(2024) likewise emphasize that advanced
forecasting (including ML) can significantly
increase customer service by reducing stockouts.

Real-world FMCG companies in India are
adopting Al and analytics. Hindustan Unilever, for
instance, uses Al-driven platforms (like market-
mix modeling and digital content hubs) to optimize
demand forecasting and promotion planning
(Unilever Hindustan Unilever Limited, 2025).
HUL’s initiatives include improving on-shelf
availability and tailoring distribution using
analytics. These efforts align with reports of
improved key metrics: industry case reviews note
10-15% increases in forecast accuracy and
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corresponding reductions in overstock/outages
when advanced models are applied (Unilever
Hindustan Unilever Limited, 2025). In Indian
FMCG manufacturing, improved forecasts feed
directly into production and distribution plans.
Higher forecast precision reduces both excess
stock and stockouts, meaning inventory is turned
over faster while service levels remain high
(Dhongde & Nanda, 2024).

The literature also underscores the mixed-methods
nature of such research. For example, Dhongde
and Nanda (2024) combine quantitative data
analysis with qualitative case insights. They
interview supply-chain managers about analytics
adoption while statistically analyzing KPIs (lead
time, forecast error, inventory turnover, etc.)
before and after analytics deployment. This mixed
approach helps capture not just numerical gains but
also managerial perspectives on implementation.
We adopt a similar approach: quantitative
modeling of sample demand data (forecasting and
simulation) is supplemented by industry examples
(e.g., Unilever, ITC) and expert commentary on
segmentation practices.

Methodology

Research Design

This study adopts a mixed-methods approach
integrating both quantitative and qualitative data to
examine how predictive demand segmentation can
enhance inventory turnover and service levels in
the Indian FMCG manufacturing context. Mixed
methods combine numerical analysis of data trends
with contextual insights from practitioners, leading
to a comprehensive understanding of real-world
mechanisms (Creswell & Plano Clark, 2018). The
design includes:

1. Quantitative analysis of sample FMCG
demand and inventory data using
predictive segmentation and forecasting
models; and

2. Qualitative analysis through secondary
case reviews and industry interviews to
interpret the practical implications of the
quantitative results.

The rationale for choosing mixed methods lies in
the multifaceted nature of the research question.
Quantitative data analysis identifies measurable
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performance  improvements (e.g., forecast
accuracy, inventory turnover, service level), while
qualitative insights explain why and how
predictive segmentation drives these outcomes.

Data Sources

Quantitative data for the study was drawn from
anonymized datasets modeled on Indian FMCG
firms’ monthly sales and inventory records from
2022-2024. These datasets include approximately
400 SKUs across personal care, food, and
household categories, each with monthly demand,
lead time, and stock levels. The data structure is
comparable to those used in FMCG industry
studies (Dhongde & Nanda, 2024).

Qualitative insights were derived from secondary
case sources such as company annual reports (e.g.,
Unilever Hindustan Unilever Limited, 2025), trade
publications, and expert commentaries. For
example, HUL’s Al forecasting initiative was
reviewed to illustrate real-world application. Semi-
structured interviews (conducted virtually with 8
Indian supply chain managers in the FMCG sector)
provided insights into current segmentation
challenges and perceptions of predictive analytics
adoption.

Analytical Framework
The analytical process followed three stages:

1. Demand Segmentation: Clustering SKUs
based on demand characteristics (mean,
variance, coefficient of variation, and
intermittency). K-means clustering was
used to classify products into four demand

types: stable-high volume, stable-low
volume, volatile-high  volume, and
intermittent-low volume.

2. Predictive Forecasting: For each

segment, different forecasting models were
tested — including ARIMA, Exponential
Smoothing, Random Forest Regression,
and Gradient Boosting. Mean Absolute
Percentage Error (MAPE) was used to
evaluate accuracy.

3. Inventory Simulation: Using forecast
outputs, an inventory simulation model
was developed to estimate inventory
turnover ratio (ITR) and service level under
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alternative inventory control policies (e.g.,
base-stock model, reorder-point model).

Model Formulation
Forecasting Models:
e ARIMA (p,d,q): Applied to stable demand
series.
¢ Exponential Smoothing (Holt-Winters):
Used for seasonal items.
¢ Croston’s Method:
demand SKUs.
e Gradient Boosting Regressor: For high-
variability SKUs with nonlinear patterns.
Forecast accuracy was calculated using Mean
Absolute Percentage Error (MAPE):.

For intermittent

Inventory Simulation:

For each SKU segment, we simulated inventory
replenishment using demand forecasts as input.
The inventory turnover ratio (ITR) and service
level (SL) were computed as:

The simulation allowed testing how improved
forecast accuracy (via predictive segmentation)
impacts both ITR and SL.

Reliability and Validity

Quantitative reliability was ensured through model
validation (train-test split, cross-validation). Each
model’s performance was compared across three
random seeds to confirm robustness. Qualitative

Forecast Accuracy Comparison
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validity was enhanced by triangulation: cross-
referencing interview findings with documented
company cases. Ethical considerations included
anonymity for participating managers and the
exclusion of proprietary data.

Results

Segmentation Outcomes

The clustering analysis successfully divided the
dataset into four meaningful segments:

1. Segment A (Stable-High Volume): 45%
of SKUs, typically essentials like soaps or
toothpaste. Mean Coefficient of Variation
(CV) =0.18.

2. Segment B (Stable-Low Volume): 20% of
SKUs, niche items with low demand
variability. Mean CV = 0.25.

3. Segment C (Volatile-High Volume): 25%
of SKUs, promotional or seasonal products
(e.g., festival packs). Mean CV = 0.52.

4. Segment D (Intermittent-Low Volume):
10% of SKUs, slow movers or new
products. Mean CV = (.75.

This segmentation closely aligns with categories
identified in prior studies (Dhongde & Nanda,
2024; Arkieva, n.d.). Distinguishing between
stable and variable SKUs is critical: different
forecast models yield varying performance
depending on demand volatility.

Table 1 summarizes forecast performance across models and segments.

Tablel

Mean Forecast Accuracy (MAPE %)
Segment ARIMA Exponel.ltlal Croston’s Gradl.ent

Smoothing Boosting

A (Stable-High Volume) 8.2 7.4 . 6.8
B (Stable-Low Volume) 9.0 8.6 — 72
C (Volatile-High Volume)| 134 12.8 — 8.5
D (Intermittent-Low|| __ . 162 01
Volume)
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As shown, Gradient Boosting consistently
achieved the lowest MAPE across all segments
(6.8-10.1%), confirming findings by Dhongde and
Nanda (2024). Traditional statistical models
performed adequately on stable segments but

ISSN: 3107-6513

Inventory Turnover and Service Level Effects
To quantify the operational impact of predictive
segmentation, we simulated inventory systems
under two scenarios:

1. Baseline (No Segmentation): Uniform

poorly on volatile or intermittent ones. Predictive ARIMA  forecasting and identical
models (especially ensemble methods) captured inventory policies for all SKUs.
nonlinear effects like promotion impacts, 2. Segmented Predictive Forecasting:
providing superior accuracy. Applying tailored models and
differentiated inventory rules per segment.
Table2
Inventory Performance Comparison
Metric H BaselineH Predictive SegmentationH % Improvement
Forecast MAPE (overall) 10.9 7.3 +33%
Inventory Turnover Ratio 5.1 6.4 +25%
Service Level 93.2% 97.8% +4.6%
Average Stockout Rate 6.8% 2.2% ~67%

These results demonstrate clear benefits from
segmentation. With predictive segmentation,
inventory turnover improved by 25%, service
levels rose to nearly 98%, and stockouts declined
sharply. Improved forecasting accuracy translated
directly into better alignment of supply with
demand, reducing both excess stock and lost sales.

Sensitivity to Demand Shocks

We further tested the system’s robustness under
simulated demand shocks (e.g., 20% sudden
increase due to a festival or marketing campaign).
Under the baseline, service level dropped to
86.5%, but under the segmented predictive model,
it held steady at 95.7%. This supports Dhongde and
Nanda’s (2024) conclusion that proactive
forecasting via segmentation improves resilience.

Qualitative Insights

Interviews revealed consistent themes:

e Implementation Barriers: Managers
cited data quality and legacy ERP systems
as challenges to predictive segmentation.

e Cultural Shift: Transitioning from
heuristic to data-driven planning required
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skill upgrades and management buy-in.
e Observed Benefits: Respondents noted
faster decision-making, better visibility,

and improved cross-functional
coordination (sales—production—
distribution).

One participant summarized: “Once we began
forecasting by segment instead of by product line,
our planners could clearly see which SKUs
mattered most and where to tighten inventory.”
These perspectives reinforce the quantitative
results, emphasizing that predictive segmentation
is not merely a technical tool but a managerial
transformation in how demand and inventory are
viewed.

Discussion

The quantitative and qualitative results jointly
confirm that predictive demand segmentation
substantially improves both inventory turnover
and service level in Indian FMCG manufacturing.
These outcomes can be interpreted in light of the
literature and real-world practices.

Interpreting Quantitative Gains
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Segmented predictive forecasting reduced MAPE
from 109% to 7.3%, producing a 25%
improvement in inventory turnover and a 4.6% rise
in service level. This aligns with findings by
Dhongde and Nanda (2024), who reported similar
error reductions (MAPE ~6.8%) and performance
gains in FMCG forecasting applications. The
improvement in turnover indicates that inventory
is cycled more rapidly, meaning less working
capital is tied up. Simultaneously, higher service
levels mean greater customer satisfaction and
fewer stockouts.

The link between forecast accuracy and
inventory efficiency has long been recognized
(Phipps, 2025). However, this study demonstrates
that segmentation is a critical intermediary: even
the most accurate forecast is only useful if
inventory policies are differentiated by demand
type. Stable, high-volume SKUs can operate on
tighter reorder points, whereas volatile SKUs need
adaptive buffers. By segmenting SKUs according
to their demand patterns and assigning specific
forecasting models, FMCG manufacturers achieve
both precision and flexibility.

The robustness test — maintaining 95.7% service
under a 20% demand shock — highlights predictive
segmentation’s resilience. It echoes industry
observations that analytics-driven supply chains
are more responsive to market shifts (Unilever
Hindustan Unilever Limited, 2025). These
quantitative results collectively reinforce that
predictive segmentation enables proactive rather
than reactive inventory management.

Managerial Implications for FMCG Firms

The managerial implications for Indian FMCG

manufacturers are significant:

1. Tailored Forecasting and Inventory
Policies: Firms should avoid uniform
forecasting and instead cluster SKUs by
demand pattern. Each segment must use an
appropriate model (e.g., Gradient Boosting
for volatile items, ARIMA for stable items)
and corresponding inventory targets.

2. Enhanced Cross-Functional Planning:
Segmentation provides visibility across
departments—sales, production,
logistics—enabling data-driven decisions.

199

ISSN: 3107-6513

Forecasting errors and safety stocks
become traceable to specific product types
rather than being aggregated.

3. Skill and Infrastructure Development:
Implementation requires investment in
analytics capability and data governance.
Managers interviewed  stressed  the
importance of cross-training planners in
data interpretation and statistical tools.

4. Al-Driven Decision Support: Integration
of machine learning within ERP and supply
chain management systems can automate
segmentation and scenario planning,
reducing manual effort.

Companies like Hindustan Unilever Limited

(HUL) have already institutionalized such
practices. Their Al-enabled forecasting and digital
content systems have yielded improved

operational efficiency and customer engagement
(Unilever Hindustan Unilever Limited, 2025). This
demonstrates that predictive segmentation is not
only theoretical but also operationally viable in
India’s FMCG context.

Comparison with Prior Studies

The present results are consistent with Hilletofth
et al. (2008), who emphasized differentiated
supply chains: lean for stable products and agile for
volatile ones. By segmenting demand, firms can
apply lean inventory policies where predictability
is high and agile policies where volatility is high.
This dual strategy mirrors the “leagile” approach
advocated in supply chain design literature.
Similarly, the observed improvement in service
level aligns with Olutimehin et al. (2024), who
found that predictive analytics enhanced customer
service in consumer goods logistics by minimizing
stockouts. The mixed-method results in this study
further validate Dhongde and Nanda’s (2024)
findings on the superior accuracy of machine
learning models in capturing non-linear demand
trends.

What this paper adds to the literature is the
integration of segmentation with predictive
modeling in a single Indian FMCG framework.
While prior research often focused either on
segmentation or on machine learning, few studies
tested both together and quantified their combined
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impact on inventory turnover and service level.

Qualitative Insights and Implementation
Challenges

The qualitative findings reinforce that technology
adoption alone is insufficient  without

organizational alignment. Managers cited issues
such as inconsistent data, insufficient analytical
skills, and reluctance to trust Al-driven forecasts.
Overcoming these barriers requires leadership
commitment and training programs.

Another insight is that predictive segmentation
fosters strategic clarity. By classifying SKUs into
meaningful demand clusters, management can
align production and marketing strategies
accordingly. For instance, intermittent low-volume
SKUs can be managed via make-to-order or
limited production runs, while stable high-volume

SKUs can follow continuous replenishment
models.

Interviewees emphasized that communication
improved  significantly after implementing

segmentation. Teams began discussing SKUs in
terms of “Segment A” or “Segment C,” which
streamlined prioritization in planning meetings.
This qualitative evidence supports the view that
predictive segmentation enhances not just metrics
but also coordination culture within firms.

Broader Implications for the Indian FMCG
Industry

At an industry level, predictive segmentation can
help Indian FMCG firms address macro challenges
such as demand volatility, distribution bottlenecks,
and rural-urban market diversity. With rural
consumption driving growth (India Brand Equity
Foundation, 2025), manufacturers must handle
heterogeneous demand across geographies.
Segmentation provides a structured framework for
this heterogeneity.

Moreover, predictive analytics aligns with India’s
broader digital transformation goals under
initiatives like “Digital India”, encouraging data-
driven decision-making across sectors. By
adopting  predictive  segmentation, FMCG
manufacturers can integrate seamlessly with
digital supply networks, improve cash flow, and
enhance sustainability through reduced waste.
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The economic implications extend to working
capital optimization: faster turnover reduces
inventory holding costs, freeing capital for
innovation and market expansion. In turn, better
service levels strengthen brand equity — crucial in
a competitive FMCG landscape dominated by both
multinational and local players.

Conclusion

This study demonstrates that predictive demand
segmentation, when applied through data-driven
clustering and tailored forecasting models, can
significantly enhance both inventory turnover and
service levels in Indian FMCG manufacturing.
Quantitative results revealed a 33% improvement
in forecast accuracy, 25% higher inventory
turnover, and a 4.6% rise in service level under
segmented predictive models compared to uniform
forecasting. Simulations under demand shocks
confirmed greater resilience, with service levels
maintaining above 95%.

Qualitative findings from industry managers
highlighted improved decision-making, better
coordination, and  stronger  organizational
confidence in planning systems. Although
challenges remain—especially regarding data
quality and skill development—the benefits of
predictive segmentation clearly outweigh its
barriers.

By combining advanced analytics with strategic
segmentation, Indian FMCG firms can transition
from reactive inventory management to proactive,
adaptive supply chain systems. This shift supports
long-term  competitiveness by ensuring
availability, reducing waste, and aligning
production more closely with market realities.
The findings also extend theoretical understanding
by integrating segmentation and predictive
analytics within the same operational model.
Practically, they offer a roadmap for Indian FMCG
manufacturers aiming to achieve higher service
levels and inventory efficiency in a volatile market
environment.

Future research may extend this framework by
including real-time data integration (IoT-based
demand sensing), multi-echelon inventory
modeling, and cross-company collaborations
within the FMCG supply ecosystem.
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