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ANNOTATSIYA
Tez aylanuvchi iste’mol tovarlari (FMCG) distribyutsiyasida agentlar va van-

sellerlarga to‘g‘ri reja tuzib berishning asosi — har bir savdo nugtasi va mahsulot
uchun kelgusi davr talabini aniq prognoz gilishdir. Uch gismli turkumning birinchi
qismi bo‘lgan ushbu maqolada savdo nuqtasi-mahsulot (SKU) darajasida haftalik
talabni mashinali o‘qitish (ML) algoritmlari yordamida prognozlashning konseptual
va uslubiy modeli taklif etiladi. Real distribyutor axborot tizimi (DMS/SFA)
ma’lumotlar sxemasiga asoslangan holda xususiyatlar tarkibi, model tanlovi (Random
Forest, XGBoost) va baholash metodologiyasi (MAE, RMSE, MAPE, R?) bayon
gilinadi. Maqola amaliy joriy etish uchun yaxlit ramka taqdim etadi: empirik

tekshirish real ma’lumotlar asosida amalga oshirilishi nazarda tutiladi.

Kalit so‘zlar: distribyutsiya, talab prognozlash, mashinali o‘qitish, XGBoost,
Random Forest, FMCG, SKU, konseptual model.

AHHOTANUA
B nmuctpubynuu toBapoB moBcemneBHoro crpoca (FMCG) ocHOBoO# cocTaBiieHUS

MPaBWIBLHOIO IJIaHA JJIsi TOPrOBBIX ar€HTOB W BaH-CEJUIEPOB SBJSETCS TOUHBIN
MPOTHO3 OYAYIIETO CIpoca Mo Ka)XJa0W TOProBOi TOUKe U ToBapy. B maHHOIM cTaThe

— MEpBOM YacTH MUKIAa U3 TpEX paboT — mpeasiaraeTcs KOHIENTyaldbHas U
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METOJ/IOJIOTHYECKass MOJENb IPOTHO3UPOBAHUSI HEACIBHOIO CIpPOCa Ha YpPOBHE
«roproBasi Touka—toBap (SKU)» ¢ moMomipio aaropuTMoOB MAlIMHHOTO OOYYECHHS
(ML). Ha ocHOoBe cxeMmbl [JaHHBIX peajbHOM HWH(POPMAITMOHHON CHCTEMBI
muctpuOyiuu (DMS/SFA) onuceiBatoTcs cocTaB NpPHU3HAKOB, BBIOOp Mojenei
(Random Forest, XGBoost) u meronomorus onenku (MAE, RMSE, MAPE, R?).
CraTbsi TpEACTaBISIET IEIOCTHYIO METOJUYECKYI0O OCHOBY [UJISi TMPAKTHUYECKOTO

BHCAPCHUA, SMIIMPUYICCKAs ITPOBCPKaA IMPCAIOJIAracTCia Ha pCajibHbIX JaHHbIX.

KatoueBble cjioBa: 1UCcTpuOyIHs, MPOTHOZUPOBAHUE CIIPOCA, MAIIMHHOE 00y4YEHNE,

XGBoost, Random Forest, FMCG, SKU, koH1enTyanbHas MOJEIb.

ABSTRACT
In the distribution of fast-moving consumer goods (FMCG), the basis for building a

correct plan for sales agents and van-sellers is an accurate forecast of future demand
for each outlet and product. This article — the first part of a three-part series —
proposes a conceptual and methodological model for forecasting weekly demand at
the outlet—product (SKU) level using machine learning (ML) algorithms. Based on
the data schema of a real distribution information system (DMS/SFA), it describes
the feature set, the choice of models (Random Forest, XGBoost), and the evaluation
methodology (MAE, RMSE, MAPE, R?). The article provides an integrated
framework for practical implementation; empirical verification is intended to be

carried out on real data.

Keywords: distribution, demand forecasting, machine learning, XGBoost, Random
Forest, FMCG, SKU, conceptual model.

INTRODUCTION

In a distribution system, a manufacturer’s success in the market depends directly
on the activity of sales agents and van-sellers — that is, sales representatives who
travel around outlets and sell products. The foundation for planning what they do —
“which outlet to visit, how much goods to bring, which product to offer” — is reliable
demand forecasting. In traditional practice this forecast relies on simple rules, which
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leads to either stockouts or excess inventory. The aim of this article is to develop an

integrated, scientifically grounded conceptual model of demand forecasting.

LITERATURE REVIEW
There is extensive research on the use of machine learning in demand

forecasting. Carbonneau, Laframboise and Vahidov [3] were among the first to show
that machine learning methods (neural networks, support vector machines)
outperform traditional approaches such as moving average and linear regression in
supply-chain demand forecasting. In food retail, Aichner and Santa [1] likewise
demonstrate that machine learning is more accurate than traditional methods because
it better captures the effects of seasonality and promotions, and Ceran and colleagues
[2] confirm this in practice at the outlet—product level in the FMCG sector. Ali and
colleagues [4] specifically studied SKU-level demand forecasting in the presence of
promotions and showed that promotional features substantially improve accuracy,
while Ma and Fildes [5, 6] used a large number of features and promotional data for
retail forecasting. In the well-known M5 competition [7], gradient boosting-type
models (including XGBoost) achieved the best results. This article likewise relies

mainly on two powerful models — Random Forest [8] and XGBoost [9].

PROBLEM STATEMENT AND DATA SCHEMA
For each (outlet i, product j) pair, the weekly demand g;(t) is unknown, and the

task is to estimate q;j(t+1) from the available history. A real DMS/SFA system stores
rich data for each customer: location and outlet type, how long it has been a customer,
sales days, the assigned agent and deliverer, order history, payment history, order type
(bonus/discount), equipment (refrigerator), and returned and exchanged items in
orders. This data schema is based on the data structure of SalesDoctor [10], a real
DMS/SFA platform used by more than 300 companies in Uzbekistan. These fields

are a rich source of features for forecasting.

The data preprocessing stage is important: missing values are imputed,

anomalies (incorrectly entered quantities) are detected, and “false zero” sales caused
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by stockouts are separated from true zero demand (the censored-demand problem).
Bonus or discount orders, as well as returned and exchanged orders, are flagged
separately, because they may distort the future demand signal or, conversely, provide

additional information.

PROPOSED METHODOLOGY

System architecture
The proposed approach is part of a unified decision-support system in which

DMS/SFA data is transformed, through three modules — demand forecasting, visit
planning, and product recommendation — into a field representative’s daily plan

(Figure 1). This article focuses on the first module.

Architecture of the proposed unified decision-support system

MODULE 1: Demand forecasting
(Random Forest / XGBoost)
= ,.\
DMS / SFA Fleld rep:
database = MODULE 2: Visit planning =4 daity plan
(orders, clients, " (ABC, prioritization, routing) {whom + how much
agents, location) “-,v / <+ what to offer)

\
\

3 MODULE 3: Product recommendation l'v
(market-basket / item-item)

Figure 1. Architecture of the unified decision-support system and the place of the forecasting module.

Data and feature engineering
The forecasting pipeline starts from the data sources and, through feature

engineering, forms the model input (Figure 2). Based on the DMS/SFA fields, the
features are grouped into five categories: historical (lag, rolling mean, penetration),
product, client, operational (promotion, bonus order type), and calendar (season,

holiday, payday) attributes (Figure 3).
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Demand forecasting pipeline (Module 1)

Data sources Feature
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Figure 2. Demand forecasting pipeline: from data to forecast.

Feature taxonomy from the DMS/SFA schema

Calencar
season, holiday,
payday
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panetration mangn, popularity credit, fridge bonus ordar type
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Figure 3. Feature taxonomy derived from the DMS/SFA schema.

Models
As baselines, classical time-series approaches are used (last value, moving

average, seasonal naive). As the main models, linear regression, Random Forest [8],
and XGBoost [9] are proposed; these tree-based ensemble models effectively learn
nonlinear relationships and feature interactions. Validation uses a chronological
train/test split (and, for greater reliability, walk-forward validation) so that no future

information leaks into the features.

EVALUATION METHODOLOGY
The models are evaluated on a time-based test set using the following metrics

(Table 1). These metrics capture both the absolute and the relative accuracy of the

forecast as well as its directional bias.

Table 1. Proposed evaluation metrics (definitions)

What it measures

Metric Meaning

\ MAE Mean Absolute Error Average error magnitude (in units)
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RMSE Root Mean Squared Error Accuracy sensitive to large errors

MAPE Mean Absolute Percentage Error Relative (percentage) error

R? Coefficient of determination Share of variance explained by the
model

Bias Mean directional error Systematic over-/under-

forecasting
Note: validation uses a chronological train/test split so that the forecast horizon

always follows the training period, preventing data leakage.

EXPECTED RESULTS AND DISCUSSION
According to the literature, tree-based ML models (Random Forest, XGBoost)

are expected to improve forecast accuracy relative to classical methods: the M5
competition demonstrated the superiority of gradient boosting models [7], and Ceran
and colleagues confirmed the advantage of ML in the FMCG context [2]. In addition,
the calendar (holiday, payday) and operational (bonus order) features drawn from the
DMS/SFA system are expected to improve forecast quality. Concrete quantitative

results are to be obtained in an empirical stage on real data.

Model interpretability matters in practice: feature importance shows the field
manager what drives the forecast, which builds trust in the system. Likewise,
estimating forecast uncertainty (interval forecasts) helps manage safety-stock risk,

since products with higher uncertainty may require a larger buffer.

CONCLUSION
This article proposed a conceptual and methodological model for demand

forecasting at the SKU-outlet level in distribution: the feature set based on the
DMS/SFA schema, the choice of models, and the evaluation methodology were
presented within an integrated framework. This model serves as a foundation for
optimizing visit planning and product recommendation in the subsequent parts of the

series, and it is ready for empirical verification on real data.
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