FACULTY OF

Forecasting and Vendor Managed Inventory ;5w - encinerinG ano
Optimization for an FMCG Company

NATURAL SCIENCES

Student(s) Faculty Member(s) Company Advisor(s)

NAM ey Murat Kaya Utku Tahir Anayurt
llayda Saydam

Eren Yamak
Ilke Oncii

ABSTRACT PROJECT DETAILS i
o e o Forecast Accuracy by Months (2024) Forecast Accuracy by Products (2024)
300% o 1000% o
o 900%
0 @ |
0
’ o
IGT 200% o 700%
Recelvm"g df‘ta. from Cleaning data and Selecting key products, Initial point forecast based o~
Nestlé Tarkiye segmenting targets segments, and periods on demand and category 150% " o
growth factors 500%

100% 400% R
300%
50%
200%
ﬂs 100?5 V'l\ /\
X, R N " ‘.J Sl s AN ¥

3 & S & & & & Ve
Performing the final poi o %ﬁ W \xéb k@ %ﬂfb @6\ *q$0 @ & Mw&gw %@M@ﬁwﬁ@ CRXEE] ﬂ;w i ﬁ%
Analyzing errors between Constructing range Clustering each product fer ormtlng.t ecllnat pc.nnt v ROOOOOOE AR frﬁ' OO
demand and Nestlé forecast intervals for each based on its FRGROUP orecasp g:mgl ustering ==Nestlé Forecast Model Forecast =s=estlé Forecast Model Forecast
Turkiye’s forecast product via errors and behaviour vaues
confidence intervals Perfect Accuracy (Good Accuracy Medium/Bad Accuracy Perfect Accuracy (Good Accuracy Medium/Bad Accuracy
* The project addressed opportunities for an FMCG company to enhance To address these Issues, this project developed advanced forecasting techniques,
forecasting for instant and Ready-To-Drink coffee products, successfully combining range-based forecasting with clustering analysis for more precise
reducing stockouts and optimizing costs. demand predictions:
* The project refined forecasting methods tailored to coffee SKUs, incorporating
range-based forecasting with confidence intervals from historical errors. » Range Forecasting: Historical forecast errors were used to create confidence
« K-Means clustering and FAMD grouped products by attributes like popularity, Intervals around point predictions, ensuring flexibility and accuracy. 2024
shelf-life, and supply chain risks for better segmentation. forecasts were calculated from 2023 sales data and category growth factors,
» The approach reduced forecast errors, aligned inventory with demand, and refining upper and lower bounds for variability.
Improved management of high-demand or high-risk products.
* Improved efficiency and reduced stock imbalances created a scalable, data- » Clustering and Segmentation: K-Means clustering and FAMD segmented
driven forecasting framework. products into three functional groups (FGroups) based on lifecycle,
» Future steps include refining segmentation and incorporating dynamic growth seasonality, and popularity. Tailored strategies were applied for high-risk,
rates for further optimization. moderate-demand, and high-demand products.

« Validation and Results: Integration of clustering with range forecasting

significantly reduced forecast deviations. Validation against 2024 sales data
OBJECTIVES showed improved accuracy, minimizing stockouts, reducing waste, and
enhancing operational efficiency.

1. Develop alternative forecasting models tailored to FMCG company’s coffee

Inventory.
2. Use Python and K-Means for FGroup segmentation, clustering products by
lifecycle, popularity, seasonality, and risks. CONCLUSIONS
3. Compare the current forecasting model with the proposed one to identify
Improvements.
* The project identified and addressed opportunities to enhance the FMCG
company’s forecasting for instant and RTD coffee products.
PROJECT DETAILS » Range-based forecasting with confidence intervals improved accuracy and
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» The project identified opportunities to improve forecasting in the coffee REFERENCES
category, aiming to minimize stockouts and overstocking.
: Range-base_d forecasting improved accuracy using historical errors and - Hyndman, R. J., & Athanasopoulos, G. (2018). Forecasting: Principles and
confidence Intervals. Dractice (2nd ed.). OTexts.
« Clustering technigues grouped products by lifecycle, popularity, and supply . Hyndman, R. J., Koehler, A. B., Ord, J. K., & Snyder, R. D. (2008).
chain risk. Forecasting with Exponential Smoothing: The State Space Approach. Springer.
* Tailored strategies improved inventory alignment and reduced forecast errors. . Makridakis, S., Wheelwright, S., & Hyndman, R. J. (1997). Forecasting:
* The project enhanced inventory management and created a scalable Methods and Applications (3rd ed.). John Wiley & Sons.
framework for future improvements. » Ord, J. Keith, Fildes, R., & Kourentzes, N. (2017). Principles of Busis

Forecasting (2nd ed.). Wessex Press, Inc.
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