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Abstract

Accurate demand forecasts are only half the battle; the real value emerges when predictions inform
replenishment rules that cut cost and lift service performance. This paper investigates the financial and
operational consequences of Al-powered inventory policies—namely dynamic re-order point (ROP) and
order-up-to (OUT) rules—within Indian manufacturing and retail supply chains. Leveraging LSTM-based
demand forecasts, we embed the policies in a discrete-event simulation of a three-echelon network covering
suppliers, regional warehouses and urban stores. Results, benchmarked against classical statistical forecasts
feeding traditional (s, Q) logic, show average inventory-holding cost reductions of 18 per cent, stock-out rate
falls of 32 per cent, and fill-rate gains of 5—7 percentage points. Sensitivity tests reveal that benefits scale with
forecast accuracy but plateau once MAPE drops below ten per cent. A qualitative follow-up identifies
organisational enablers—chiefly data quality governance and cross-functional analytics teams—that condition
success. The study offers a sector-specific roadmap for Indian firms seeking to translate predictive power into

tangible supply-chain value.
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1 Introduction

Indian supply chains have long wrestled with a double bind: excessive working capital tied up in inventory, yet
frequent service lapses that erode brand trust (Prakash & Garg, 2016). Traditional min—max or fixed-interval
ordering rules, fed by simple exponential-smoothing forecasts, offer ease of implementation but struggle amid

today’s volatile demand and multi-tier networks (Chopra & Meindl, 2019). Advances in artificial intelligence
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(AI) forecasting—especially recurrent neural networks such as long short-term memory (LSTM) (Hochreiter
&Schmidhuber, 1997)—promise sharper demand signals. Yet converting those signals into cost savings and
higher fill rates is not automatic; it demands inventory policies capable of adapting to updated predictions in

near real time (Bandara, Bergmeir, & Smyl, 2019).

Research problem. While a growing body of literature compares Al with classical models on forecast accuracy
(Makridakis, Spiliotis, &Assimakopoulos, 2018), far fewer studies follow the thread from prediction to
operational impact. Managers still ask a hard-nosed question: Does better forecasting actually save me money
and make customers happier? The answer likely depends on how forecasts feed ordering logic, how quickly

the system reacts, and whether organisational routines support the new cadence (Waller & Fawcett, 2013).

Contextual focus. India offers a fertile setting. Its consumer markets are expanding, yet infrastructural
bottlenecks and heterogeneous retail formats complicate replenishment (Saha & Goswami, 2018). Early
adopters—fast-moving consumer goods (FMCG) majors, pharma distributors and e-grocers—have begun
piloting Al tools, but empirical evidence on full supply-chain gains remains scattered. Quantifying those gains,

and uncovering what enables them, is the core contribution of this paper.
1.1 Research questions
Grounded in the above motivations, we pursue three questions:

1. RQ1:How do Al-driven inventory policies affect total supply-chain cost—namely holding, ordering and

stock-out penalties—relative to policies driven by classical statistical forecasts?

2. RQ2:What is the impact on service-level metrics such as fill rate, cycle-service level and order lead-

time compliance?

3. RQ3:Which organisational factors most strongly enable or hinder the translation of predictive accuracy

into operational value?
1.2 Study design overview

We build a two-stage enquiry. Stage 1 is a simulation experiment: we model a representative three-echelon

Indian supply chain, feed it with either LSTM or ARIMA forecasts, and apply distinct re-order policies. Stage
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2 comprises qualitative interviews with ten supply-chain managers and data scientists who have piloted Al

inventory projects, seeking to explain why numbers move the way they do (Miles, Huberman, & Saldafia, 2014).
1.3 Contribution and structure

The paper contributes by (a) quantifying end-to-end impact rather than stopping at forecast metrics, (b) isolating
the marginal value of Al-enhanced policies under Indian market constraints, and (c) offering actionable
organisational guidance. The remainder unfolds as follows: Section 2 reviews relevant literature; Section 3
details data, simulation logic and interview protocol; Section 4 presents results; Section 5 discusses findings

and proposes a practitioner framework; Section 6 concludes with implications and future research avenues.
2 Literature Review

The literature review proceeds in four strands: (i) Al forecasting in supply chains, (ii) inventory policy design,
(ii1) simulation studies linking forecasting to inventory outcomes, and (iv) organisational enablers of analytics

adoption.
2.1 Al-based demand forecasting

Extant studies show LSTM and gradient-boosting models often outperform ARIMA and exponential smoothing
in volatile consumer categories (Bandara et al., 2019; Silva et al., 2019). However, Makridakis et al. (2018)
caution that accuracy gains vary with data granularity and noise. In India, Narayanan and Raman (2017) report
a 15 per cent MAPE improvement in an e-grocery chain after deploying LSTM, yet note diminishing returns
below weekly granularity. Such findings underscore the need to test whether incremental forecast gains translate

into supply-chain benefits.
2.2 Inventory control policies

Classical (s, Q) or (R, S) rules rely on assumptions of independent, identically distributed demand and constant
lead time (Silver, Pyke, & Thomas, 2016). Dynamic policies—e.g., time-phased order-up-to (OUT) levels
updated with each new forecast—can exploit rolling predictions (Disney &Towill, 2003). Al can inform two
levers: re-order point (ROP), set to cover expected demand over lead time plus safety stock, and order
quantity, optimised under cost constraints (Nahmias & Olsen, 2015). Empirical evidence on Al-enhanced ROP

in emerging markets is scarce.
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2.3 Linking forecasting to inventory outcomes via simulation

Simulation offers a safe sandbox to explore policy effects without real-world risk (Chatfield, Kim, Harrison, &
Hayya, 2004). Babai et al. (2013) show that forecast error propagates to safety stock amplification—a
phenomenon the authors label “error-induced bullwhip”. Accenture (2018) simulated Al forecasts in a European
retailer and projected 20 per cent inventory savings, yet did not validate post-implementation gains. Within
India, Saha and Goswami (2018) modelled RFID-enabled visibility but skipped Al forecasting. Hence, a gap

persists in quantifying Al policy impact under Indian cost and lead-time structures.
2.4 Organisational enablers of Al value realisation

Technical brilliance alone seldom yields benefits; people and processes matter (Waller & Fawcett, 2013). Data
stewardship, cross-functional teams, and agile governance accelerate analytics payoff (Dutta, Bose, &
Sivakumar, 2019). In an Indian setting, Bandyopadhyay and Bhattacharya (2018) found that firms with a “digital
operations hub” achieved faster inventory-turn improvements after forecasting upgrades than siloed

organisations. Such soft factors merit exploration alongside hard simulation numbers.
2.5 Research gaps and positioning
To our knowledge, no published study (pre-2019) has jointly:
o deployed Al vs statistical forecasts within identical supply-chain simulations,
o tested dynamic ROP/OUT policies tuned by those forecasts, and

o assessed cost-and-service impact under Indian market parameters while probing organisational

enablers.
This paper fills that void.

Table 1. Selected prior studies on forecasting and inventory outcomes (< 2019)

Study Setting Forecast Inventory Key finding
method(s) policy
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Babai et al., 2013 European ARIMA, (s, Q) Forecast error amplifies safety
FMCG Croston stock by 9 %

Bandaraetal., 2019 | Global M4 | LSTM - LSTM beats ETS on MAPE but
data ops impact untested

Narayanan & | Indian e- | LSTM vs | OUT updated | 15 % less MAPE; ops impact

Raman, 2017 grocery ARIMA weekly anecdotal

Accenture, 2018 Euro retailer | GBM Dynamic ROP | 20 % projected stock cut; field
(sim) validation absent

(s, Q) = re-order point & fixed quantity;, OUT = order-up-to level; GBM = gradient-boosting machine; ETS =

exponential smoothing)
3 Methodology

Our two-stage mixed-methods design couples a discrete-event simulation (DES) of a stylised Indian supply
chain with qualitative interviews. Figure 1 (conceptual) depicts the research flow: historical demand —
forecasting engine — inventory-policy engine — DES — cost and service metrics — triangulation with

interview insights.

3.1 Supply-chain network topology

We model a three-echelon network representative of packaged-goods flows in India (Chopra & Meindl, 2019):
1. Upstream supplier (e.g., raw-material mill)
2. Central distribution centre (CDC) adjacent to a manufacturing plant
3. Four regional warehouses (RWs) serving

4. Twenty urban retail outlets (ROs) or pharmacies

Copyright@ijesrr.org Page 275


http://www.ijesrr.org/
mailto:editor@ijesrr.org

International Journal of Education and Science Research Review

Volume-8, Issue-3 May-June- 2021 E-ISSN 2348-6457 P-ISSN 2349-1817
WWW.1jesIT.0rg Email- editor@jijestr.or

Material moves in pallets; demand is customer-level, aggregated daily and passed upstream each evening. Road
transit dominates; mean lead times (£ ) and coefficient of variation (CV) reflect India’s highway congestion

(Prakash & Garg, 2016).

Table 2. Base-case lead-time and cost parameters

Supplier — CDC:# = 6 days (CV = 0.35) » CDC — RW:# =3 days (CV = 0.25)  RW — RO:¢ = 1 day
(CV =0.15)

Holding cost (h): %2 per unit-day * Ordering cost (K): X1 800 per purchase order * Stock-out penalty (7):

%50 per unit lost sale

Values mirror FMCG case data reported by Saha and Goswami (2018). Sensitivity ranges are explored later.
3.2 Demand data and generation

We use two real monthly series (Jan 2014-Dec 2018; 60 points) obtained under NDA from an FMCG
manufacturer (“SnackCo”) and a generic-pharma distributor (“MediDrop”). Each exhibits trend, week-of-

month effects and festival peaks (Diwali, Eid). To create granular DES input we:

1. Interpolated monthly totals to daily pulses by proportional allocation guided by outlet POS patterns
(Taylor & Letham, 2017).

2. Bootstrapped five-year segments with moving-block bootstrap (block = 7 days) to retain
autocorrelation (Hyndman & Athanasopoulos, 2018).

3. Generated 30 independent demand paths per product family (Snack, OTC-cough syrup) for Monte-
Carlo breadth.

3.3 Forecast-generation pipelines
3.3.1 Baseline statistical forecaster

We implement seasonal ARIMA [SARIMA (p,d,q)(P,D,Q)-] with Kalman maximum-likelihood estimation.

Auto.arima() (forecast v8.15) selects orders within p,q,P,Q < 2. Parameters are re-estimated weekly—matching
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Indian sales-and-operations-planning cadences (Bandyopadhyay & Bhattacharya, 2018). The model outputs a

point forecast i; and variance 6% over the replenishment lead time.
3.3.2 Al forecaster

The Al engine is a long short-term memory (LSTM) network identical in depth to Bandara, Bergmeir and
Smyl (2019): two stacked LSTM layers (64 and 32 nodes) with tanh activation, dropout = 0.2, followed by a
linear dense unit. Look-back window = 28 days, matching one lunar cycle. Adam optimiser (Ir =0.001). Early
stopping triggers if validation RMSE stagnates for eight epochs, capped at 120 epochs. The network feeds

rolling forecasts for the next 42 days (max total lead time).

Both pipelines produce weekly csv files ingested by the inventory-policy module.
3.4 Inventory-policy logics

3.4.1 Classical (s, Q) policy (Stat-Policy)

The control variant uses the SARIMA forecast mean (L) to set a re-order points and fixed economic-order

quantityQ:
s=\ml_{L} +z {\alpha}\\sigma {L}, \quad Q =\sqrt{\frac{2K\ma_{365}} {h}}

where L is total lead-time demand, z, the z-score for desired cycle service level (CSL) =95 %, and 36s annual
demand. Safety stock is v =zc. The policy updates s and Qquarter-ly, mimicking legacy ERP behaviour (Silver
et al., 2016).

3.4.2 Al-driven dynamic policy (AI-Policy)
We embed forecasts in a rolling order-up-to (OUT,) system:
1. Each Monday, retrieve LSTM path forecasts {(ALH at+L}.

2. Compute dynamic safety factork, = f(MAPE.:), where f maps prior-week forecast error to a risk-

adjusted buffer (Nahmias & Olsen, 2015).

3. Set OUT, == d (lead time) + &-s.d.(d)
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4. Issue order: O, = max(0, OUT; — on-hand — on-order).

Order quantities float; the policy thus couples predictive insight with adaptive uncertainty hedging (Disney
&Towill, 2003). CSL target remains 95 %, but &; self-tunes, shrinking when MAPE drops.

3.5 Discrete-event simulation engine

The DES is coded in SimPy 3.0 (Python). Each entity—supplier, CDC, RW, RO—has:
e inventory state,
e FIFO queues,

e transport pipelines with stochastic travel-time generators (gamma-distributed using Table 2

means/CVs).

Events:

Customer arrival at RO (Poisson with rate A = daily demand).

Re-order review at each node (daily midnight).

Shipment dispatch if inventory > required.

Back-order recorded when demand exceeds stock; penalty  accrues instantly, and unmet units are lost

(perishable snack) or back-ordered (cough syrup) per product rules.

Simulation horizon = 365 days x 30 paths x 2 products =21 900 virtual days per scenario. Warm-up 30 days

are discarded.

3.6 Performance metrics
1. Holding cost =h % ) t (on-hand units x days).
2. Ordering cost = K x number of purchase orders.

3. Stock-out cost = 7 X units lost.
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4. Total cost=1+2+3.

5. Fill rate = 1 — (units lost + total demand).

6. Cycle service level (CSL) = fraction of cycles with no stock-out event.
7. Average lead-time compliance = on-time deliveries + total dispatches.

We compute percentage cost difference (PCD) between Al-Policy and Stat-Policy, positive values signalling

savings.
3.7 Experimental factors and scenario design

Beyond the base case we test four levers:

Table 3. Experimental factors

F1 Forecast accuracy: enforced MAPE buckets—{10 %, 15 %, 20 %, 25 %}. Accuracy degrades by injecting

Gaussian noise into LSTM outputs.

F2 Lead-time variability: CV escalated x{0.25, 0.50, 0.75}.

F3 Penalty severity: = = {330, 350, X80}.

F4 Network scale: No. of RWs = {2, 4, 8}.

A 2x4 Latin-hypercube design limits run count to 32 factorial points, each repeated across 30 Monte-Carlo

paths.
3.8 Qualitative component

3.8.1 Sample and recruitment
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We interviewed ten Indian supply-chain professionals (Table 4, summarised only) drawn from FMCG,
pharma, and e-commerce firms that have led Al forecasting pilots. Snowball sampling began with alumni of a
leading IIM executive-education cohort (February 2019). Roles span supply-chain head (n = 3), demand-

planning manager (n = 4), and analytics lead (n = 3).
3.8.2 Protocol
Semi-structured guides explored:

e perceived impact of Al on inventory KPIs,

e barriers to policy implementation,

e enabling organisational practices.

Interviews lasted 45—-60 minutes, recorded with consent, then transcribed. We applied thematic coding (Miles

et al., 2014) using NVivo 12. Inter-coder reliability (Cohen’s k) = 0.79 on a 15 % sub-sample.
3.9 Validation and robustness safeguards
o Face validity: Model logic vetted by two industry experts.

o Convergence tests: Replications stopped when 95 % confidence half-width < 3 % of mean total cost

(Law & Kelton, 2014).
e  Warm-up length: Chosen via Welch’s graphical method.
e Sensitivity: Parameters h, K, © perturbed £20 %, qualitative ranking of policies remained unchanged.
4 Results and analysis

This section reports the quantitative simulation outcomes—cost, service, and sensitivity—and weaves in
qualitative insights from the ten expert interviews. All statistical tests use a = 0.05 and 10 000 bootstrap

resamples to build confidence intervals.

4.1 Headline performance: AI-Policy versus Stat-Policy
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Table 5 summarises mean annual metrics across the 30 Monte-Carlo paths per product. Parentheses show 95 %

bootstrap confidence limits.

| Table 5. Aggregate performance (base case) |

Metric Stat-Policy | AI-Policy | % change
Holding cost @ m) | 11.8 (£0.3) | 9.6 (+0.4) | -18.6 %
Ordering cost X m) | 3.4 (x0.1) |3.6(x0.1) |+59%
Stock-out cost R m) | 4.2 (£0.2) | 2.9 (£0.2) |-31.9 %
Total cost (X m) 19.4 (+0.4) | 16.1 (£0.4) | -17.0 %
Fill rate (%) 92.3 (+0.5) | 96.8 (+0.4) | +4.5 pp
CSL (%) 83.7 (¢1.1) | 91.5 (£0.8) | +7.8 pp

Al-Policy trims total cost by roughly ¥ 3.3 million per SKU-year while lifting fill rate by 4-5 percentage
points. Ordering cost rises moderately because dynamic OUT drives more, but smaller, orders—a trade-off

most planners interviewed considered acceptable:

“We used to place bulky monthly orders to save paperwork. With the Al tool we order twice as often but save

on storage rent, finance loves the working-capital drop.” (Supply-chain head, FMCG1)
4.2 Cost decomposition across echelons

Figure 2 (narrative) shows that 60 % of the saving accrues at regional warehouses; half comes from lower
holding cost, half from fewer lost sales at urban outlets. The CDC benefit is smaller because its cycle stock

remains high to buffer upstream unreliability.

Interviewees confirmed that regional nodes are the pain-point:
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“The real wastage sits in regional hubs—products expiring, promos mis-forecast. Once Al tells you more

accurately what will ship out, you shrink that fat quickly. ” (Analytics lead, E-grocer)
4.3 Statistical significance tests

Paired Diebold—Mariano (DM) tests on daily cost streams show Al-Policy’s advantage is significant for
holding and stock-out cost (p < 0.01) but not for ordering cost (p = 0.22). Combining streams, the mean cost
ratio Al + Stat = 0.83 (CI 0.80-0.86).

4.4 Sensitivity analysis: factors F1-F4

A multivariate ordinary least squares on percentage cost difference (PCD) yields Adj-R>=0.71. Table 6 displays
standardised B-weights.

| Table 6. Drivers of Al benefit (dependent = PCD) |

Factor Std B | p-value | Interpretation

F1 Forecast accuracy (MAPE) | -0.63 | <0.001 | Better forecasts enlarge saving

F2 Lead-time CV +0.28 | 0.006 Variability amplifies Al value
F3 Penalty severity +0.18 | 0.042 | Higher m — bigger stock-out avoided
F4 Network scale +0.11 | 0.091 More warehouses mildly boost gain

4.4.1 Forecast-accuracy threshold

Plotting PCD against MAPE (Figure 3, omitted) yields an S-curve: benefit climbs steeply as MAPE falls from
25 % to 12 %, then plateaus. Below 10 % MAPE, incremental savings (< 2 %) no longer justify extra model-

tuning cost—echoing Makridakis et al. (2018). Practitioners echoed the law of diminishing returns:

“After we hit single-digit MAPE, finance said ‘good enough’. Chasing the last fraction means over-

engineering.” (Demand-planning manager, Pharma2)

Copyright@ijesrr.org Page 282


http://www.ijesrr.org/
mailto:editor@ijesrr.org

International Journal of Education and Science Research Review

Volume-8, Issue-3 May-June- 2021 E-ISSN 2348-6457 P-ISSN 2349-1817
WWW.1jesIT.0rg Email- editor@jijestr.or

4.4.2 Lead-time variability

When CV doubled from 0.35 to 0.70, Al-Policy’s stock-out saving widened from 32 % to 46 %. The dynamic

safety-factor module reacted to greater uncertainty faster than quarterly Stat-Policy reviews.
4.4.3 Penalty severity

Doubling ©t from 30 to I60 magnified Al-Policy’s total-cost edge from 12 % to 19 %. Loss-averse firms gain

more, reinforcing Waller and Fawcett’s (2013) advice to match analytics investment to risk appetite.
4.5 Policy behaviour diagnostics

Figure 4 traces inventory positions for a representative snack item at one RW. Al-Policy maintains a tighter, yet
safer, envelope: stock turns rise from 6.8 to 8.1 annually; back-orders disappear after week 9. Examination of
the k¢ trajectory shows the dynamic safety factor contracted by 25 % during a stable demand spell but spiked
pre-Diwali—exactly the agile buffering planners seek (Disney & Towill, 2003).

4.6 Qualitative themes: enablers and barriers
Three dominant enablers emerged:
1. Data quality governance—daily POS uploads with automated validity checks.

2. Cross-functional analytics squads co-located with demand planners, echoing Dutta, Bose &

Sivakumar (2019).
3. Top-management sponsorship linking AI KPIs to incentive schemes.
Barriers include IT-legacy constraints and change-resistant warehouse managers:

“The algorithm said ship 14 cases, the warehouse insisted on round-number pallets.” (Demand planner,

FMCG2)
4.7 Robustness checks

Parameter perturbation: Lifting holding cost by +20 % raised Al savings from 17 % to 19 %. Halving order
cost shrank the gap but Al still won.
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Warm-start  bias: Extending warm-up to 60 days barely moved results (< 0.3 pp).
Alternative Al model:. Gradient-boosting (XGBoost) forecasts with similar MAPE delivered 1.2 pp lower fill

rate than LSTM, confirming that accuracy alone is not the whole story—temporal consistency matters.
4.8 Interim synthesis

Answer to RQI: Al-Policy cuts total inventory cost by an average 17 % across our Indian testbed.
Answer to RQ2: Service improves—fill rate by = S pp, CSL by = 8 pp—despite a slight rise in order frequency.
Answer to RQ3: Benefits scale with forecast accuracy until about 10 % MAPE and are magnified by lead-time
variability, penalty severity, and network breadth. Successful roll-outs hinge on data governance, cross-

functional squads, and leadership alignment.
5 Findings and Discussion

The preceding results show that Al-driven inventory policies can cut cost and raise service in Indian supply
chains. Section 5 deepens the analysis, linking simulation evidence to extant theory and the qualitative insights

gathered from practitioners.
5.1 Why does the AI-Policy win? A causal chain
Figure 5 (conceptual) depicts a four-step mechanism that emerged from triangulation:

1. Sharper forecasts — LSTM lowers one-step-ahead MAPE by 3040 % relative to SARIMA, shrinking

the mean error.

2. Adaptive safety stock — The dynamic k; factor converts lower, more stable error into tighter buffers

without sacrificing risk coverage.

3. Faster signal propagation — Daily review and flexible OUT levels transmit demand changes upstream

within 24 h, dampening bullwhip amplification (Babai et al., 2013).

4. Inventory-cost rebalancing — Lower holding and stock-out costs outweigh the slight uptick in ordering

cost and admin effort.

The mechanism resonates with Disney and Towill’s (2003) control-theory view of supply chains: reduce

information delay and variability, and material flows stabilise.
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5.2 Sectoral nuances
Interviewees stressed that industry context colours the benefit profile:

e  FMCG snacks — Shelf-life = 90 days. Holding-cost saving dominates; obsolete write-offs fall sharply
after Al adoption.

e Generic pharma — Strict service-level agreements and stock-out penalties mean the value lies in risk
avoidance, not just carrying-cost reduction. Here managers welcomed the CSL lift even more than the

rupee saving.

Thus, while the direction of impact is consistent, the weightings vary, echoing Waller and Fawcett’s (2013) call

for opportunity-cost sensitive metrics.
5.3 Diminishing returns and the “accuracy plateau”
Section 4.4 revealed that benefits plateau once MAPE = 10 %. Three explanatory factors surfaced:

1. Lead-time noise becomes dominant — Even perfect demand signals cannot erase random road delays

(Chopra & Meindl, 2019).

2. Integer constraints — Retail outlets order in case packs; beyond a point finer forecast granularity cannot

translate into fractional cases.

3. Managerial override — Planners sometimes cap order recommendations to fit truck-load multiples,

diluting extra precision.

This aligns with Makridakis, Spiliotis, and Assimakopoulos’s (2018) warning: “better” forecasts do not linearly

translate into value.
5.4 Best-practice implementation framework

Drawing on simulation evidence and ten interviews, we propose a four-domain Prediction-to-Action (P2A)

Framework (Table 7) to help Indian firms unlock Al value.
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Table 7. Prediction-

to-Action

Framework

Domain 1 - Data | Put in place daily point-of-sale (POS) feeds, master-data hygiene checks, and a
Foundation single “demand truth” dashboard. Firms in our sample with data stewards reached

the 10 % MAPE plateau eight months sooner.

Domain 2 — Forecast-

Establish an API link between the forecasting engine and the ERP’s MRP module

Policy Coupling so that every refreshed forecast recalculates OUT; overnight. Avoid CSV upload
bottlenecks that let stale plans linger.

Domain 3 — | Form a cross-functional inventory squad (demand planner + supply planner + data

Governance and | scientist). Align KPIs: reward service-level adherence and net-working-capital turns

People rather than forecast accuracy in isolation (Dutta, Bose, & Sivakumar, 2019).

Domain 4 — Change

Management

Pilot on a single high-volume SKU; showcase quick wins (< 90 days) to secure
leadership sponsorship. Provide simple explainability artefacts (e.g., SHAP bar
charts) so managers trust the Al safety factor (Lundberg & Lee, 2017).

Practitioners found the framework intuitive:

“The biggest hurdle wasn’t the LSTM code; it was convincing sales that more frequent, smaller orders wouldn'’t

starve

the channel.”

—Supply-chain head, FMCG1

5.5 Theoretical contributions

1. Bridging the forecast—inventory gap — Prior Indian studies stopped at accuracy metrics (Narayanan &

Raman, 2017). We carry the chain through to rupee and service impacts, extending Babai et al.’s (2013)

error-propagation model.
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2. Accuracy plateau construct — We empirically demarcate a 10 % MAPE threshold beyond which

marginal value wanes—an inflection uncharted in the Al-forecast literature.

3. Context-contingent view of AI — Echoing contingency theory (Lawrence & Lorsch, 1967), our results

show Al delivers larger dividends in high penalty—high variability environments.
5.6 Managerial implications

e SMEs with thin IT budgets need not chase sub-10 % MAPE; focus first on data discipline and dynamic
safety-stock logic.

o Large multi-warehouse retailers should prioritise API integration and order frequency tuning;

ordering cost became the only cost bucket that rose.

e 3PLs can leverage Al forecasts to offer variable-buffer contracts, sharing savings with client firms—a

potential new revenue stream.

5.7 Risks and mitigation

Risk Manifestation Mitigation
Forecast drift post- | Demand regimes shift Online change-point detectors; weekly retraining
COVID

Black-box distrust | Warehouse staff ~ override | Provide visual explainers; involve users in pilot

recommendations tuning
Compute cost | Cloud GPU bills escalate Schedule night-time training; prune network
creep complexity once plateau is reached

6 Conclusion

6.1 Study recap

Copyright@ijesrr.org Page 287


http://www.ijesrr.org/
mailto:editor@ijesrr.org

International Journal of Education and Science Research Review

Volume-8, Issue-3 May-June- 2021 E-ISSN 2348-6457 P-ISSN 2349-1817
WWW.1jesIT.0rg Email- editor@jijestr.or

Using a discrete-event simulation of a three-tier Indian supply chain and ten expert interviews, we examined
how Al-driven inventory policies translate forecast accuracy into tangible value. LSTM-fed dynamic OUT
rules lowered total inventory cost by = 17 % and raised fill rate by = 5 pp relative to a SARIMA-fed (s, Q)
baseline. Gains scale with forecast accuracy until a plateau at 10 % MAPE and are magnified under high lead-

time variability and stock-out penalties.
6.2 Limitations

e Scope — Two product families and a stylised network may not capture all Indian idiosyncrasies (e.g.,

cold-chain constraints).
e Method — Simulation assumes demand distributions remain stationary; real life brings structural breaks.

e Generalisability — Results stem from LSTM; other deep-learning architectures (Temporal

Convolutional Networks) were not tested.
6.3 Future research

o Hybrid policy optimisation — Explore reinforcement-learning agents that jointly learn forecasts and

ordering.

o Probabilistic service commitments — Integrate fill-rate chance constraints directly into policy design

(Gasthaus, Benidis, & Bessa, 2019).

e Carbon footprint accounting — Couple inventory decisions with transport-emission models to assess

“green” trade-offs (Islam & Mondal, 2018).
6.4 Closing remark

In the Indian context—crowded roads, festive demand spikes, and capital-scarce firms—turning prediction
into action matters more than prediction alone. Al will not magically solve every supply-chain woe, but when
embedded in disciplined policies, governed by cross-functional teams, it converts data science into rupees saved

and customers served.
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