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Z INTRODUCTION CURRENT SYSTEM PROBLEM DEFINITION
(a =
LLI Penti is a T.urklye-based company and store chain fo.undeid 11.1 Istanbul. in The .forecastl.ng and markdown oPtlmlzau.on projects wer.e re.a.llzed.for [P, (et (b vl il memen a1 (ke e off e
1950, focusing on women's socks and underwear. It is Tiirkiye's leading Penti's planning department. Penti’s planning department is divided into . . .
2 . ) . . . . year and then carries out all allocation, budget planning and
— sock brand with a market share of over 40%. two different processes: allocation planning and category planning. Penti .
. ) . . L ) . stock management to reach the targeted profit margin at the end
w Penti has a very dynamic and variable planning process due to the sector divides its products into two groups: seasonal/fashion products and never . .
. . ) ) ] . of the year. The current forecasting models used by Penti are
Z it operates in. All processes in the fashion retail sector depend on out of stock (NOS) products. Fashion products are a group of products . . Qe
. . L . i ] inadequate and superficial. In addition, they do not have any
LLl customer behaviour. Since customer behaviour is difficult to predict and that are offered for sale at certain periods.NOS products are products . . . .
o i L. . ] method to decide how much markdown will be applied to which
is directly affected by all social events, plans made at the beginning of that should never be out of stock, are suitable for daily use and are . . . . .
—t . . . o ) product in which week in order to reach the desired profit margin.
the year cannot remain valid throughout the year.This project includes frequently preferred by everyone. These products are on sale in all .. . ..
< . ) R 4 These deficiencies prevent Penti from reaching its targeted profit
— demand forecasting, sales forecasting and markdown optimization for seasons and customer demand is steady. e
oc Penti's underwear category. .
=
Vs
- DATA DESCRIPTION MATHEMATICAL MODEL
L
o The project focused on analyzing the 2017-2018 women's underwear sales data from Penti, divided into two Indices
- categories: Fashion and Never out of Stock (NOS). Each category included two product groups: under-drawers S GO In this mﬂjﬂla_ the mulﬁgllicaﬁﬂi bethﬂ _biﬂﬁﬂ; and
: . - t - r tiv t
= and bras. The Fashion category had 11 under-drawers types and 5 bra types, while the NOS category had 9 J; I;;?EE; o ovel ﬂﬁfﬁf ;Eﬁ;?nﬂxga;jfmei_m,u;hz_rjieztni_ (g%g:;
LLl under-drawers types and 7 bra types. The analysis included color specifications, weekly net unit sales, and Harraowi terets mentions that the product of binary and continuous
Parameters variables 1s linearized by replacing it with a new
markdown data. . . y feplacing 2
E h dditional fact . ted: Kl f dail 1d ori ¢ mini H;; Holding cost of product i in week j variable subject to a new set of constraints To linearize
P g 2 ' : ijtiji We FIT W i
To enhance accuracy, additional factors were incorporated: weekly averages of daily gold prices, net minimum o Numb i et ok the bilinear term S ;X ;; we replace it with the auxiliary
- wage, and dollar values; special days (Valentine's Day, Women's Day, Mother's Day, Eid al-Fitr, Eid al-Adha, ]JJ;:E ?: 1:;;:9:{: 15:; Z; ;{; 5{:; 1::”;;:‘ week j variable W, . Furthermore, the following constraint
65 New Year's Eve); direct and indirect campaigns; and weather data for Istanbul, Ankara, and Izmir. The special _ . . . sets which are Eq. (16), (17), (18) and (19), also be
< . i ] ¢; Price coefficient varying according to mmposed on the hnear equivalent formulation, which
o days and campaign data were gathered from social media accounts. markdown level 1 force W to take the value of S;;X; ;-
FP; Initial price of product i
] Hatprice ey pro | Wi <5, vi,j (16)
Q FN; Initial stock quantity of product i W =M ( ¥ ) Vi, 7, 1 (17)
. . y i1 = i1 2
DEMAND FORECASTING Decision Variables - | Wi =Sy +M(Xy—1)  Vigl (18)
X-ﬂ{ 1, If level I md is applied to product i in week j Wiy =0 Vi, j, [ (19)
0, ow
INPUTS F;; Sales price of product i in week j Linearized new objective function is shown Eq. (20):
The project involves analyzing Penti's women's S; Number of sales of product i in week j e = 00)
underwear sales data from 2016, 2017, and 2018, with a N;; Stock amount of product I at the beginning MRS = Zifajin QET L T 2 2 Ny -
focus on data from 2017 and 2018 due to inconsistencies DATASET of week j To show that linearization was applied correctly, the
in the 2016 data. The analysis includes input data sources — . nonlinear and linearized version of the model was
Objective Function ) )
les d p Penti and I book PREPROCESSING solved in both linear and nonlinear solvers in Gams.
(sales data from Penti and external sources), notebooks MaxZ =%;%;5; (FPR, LX) — L X HyNy; (1) The results of the model run with a small dataset (5
for data preprocessing, prediction, and model training, subject to product and 10 weeks) for each category are given in
output data sources containing predictions, and SPLITTING DATASET P, = FP, Wi (2) LELBZ,
registered models with the best-performing XGBoost INTO TRAIN AND TEST N, = FN; Vi (3)
models for Fashion and Never Out of Stock (NOS) Ny — S; = Nijeny Vi, j (4) Nonlinear Linearized
products. Data preprocessing involved converting S = Vin—M(1—X;) Vi, j [ (3) Model Result Model Resul t
categorical variables using LabelEncoder, creating FEATURE S5ij < Vip + M(1—X5) Wi, j 1 (6) NOS 5310 5505
correlation matrices, identifying features (X) and target SELECTION P;; = c;FP; — M(1 — X;1) Vi gl (7) F;lshi(m 47é,% 5 48;3‘*;:)
variables (Y), and normalizing the training data. Model P Uf aF ? +M(1 - Xii) JE’ it (j}
parameters were optimized using GridSearchCV, and the L S o ©)
. . . MODEL BUILDING Sip = Ny Vi, j (10) Following these results, the study continued with the
datasets were tested using Decision Tree and XGBoost p. >0 Vi i (11) A . -
ij = ’ linearized model. This model was run with different
thods. Model f luated usi (XGBOOST,DECISION TREE) e .
methods. odel periormance was cvaluated using 5:; =0 Vi, j (12) data and the results were analyzed in the Result
metrics such as Mean Absolute Error, Mean Squared Ni; 20 Vi, j (13) section.
Error, Median Absolute FError, Explained Variance ST ETTOR Xin € {0,1} Vi, j i (14)
Score, and R? scores.
(XGBOOST, DECISION TREE)
Eq. (2) and (3) show each product's imitial price and
mventory. Eq. (4) 1s stock balance constramnt. The
estimated sales amount each week determines next . . .
SALES FORECASTING weel’s stock_ Sales quantity constraints showm in Eq The code written in accordance with GAMS to analyze
(5) and (6). Price calculation constraints shown in Eq. the Markdown optimization model was translated into
. . . . . 7 d (8). Th rpri f th duct .
The project aimed to predict weekly sales for Penti's women's underwear products by analyzing the Ea{csfmd( %}, mﬁ1t$in§ n;f: i?litialepfif:c‘; 1;13 Eg Pyt.lllon ;;de S0 ;hat thebci’)mpi:lnylcofllld acceSSdlt fllOT(‘;
relationship between weekly sales and markdown levels. Initially, product-based analysis failed to show a markdown selected from the sales forecast. Eq. (9) casty WG, web-based p AT WES esIgne
meaningful relationship between sales and markdown levels. Consequently, the analysis shifted to a category- B e TGRS (D SEEUELD (D CUMERY Ui
.. ) ) product i each week. Eq. (10) ensures that the sales processing and downloading of Excel files. The front end
based approach, examining 16 categories each for the Never Out of Stock (NOS) and Fashion product quantity cannot exceed the stock quantity. Eq. (11), . . . .
. L. ' . \ A L LB o e e B GV of the project is built using HTML, CSS and
groups. The weekly sales coefficient, calculated by dividing each week's sales by the previous week's sales, - : EALvIL) - 24 . . .
. . o i . binary constraint. JavaScript. It creates a user-friendly interface where the
was associated with markdown levels. Significant sales coefficients were found for 10 NOS categories and 9 The S_t‘:'_':k of products in the NOS category is supported company can upload different types of Excel files
Fashion categories. These coefficients were then used to adjust sales predictions based on markdown levels. E}a'::i‘iltt;rmj:‘l’ftﬂiﬁc?r :;rseiz ::31;1 Saéhditg;dlels,t -:Sﬁ ihroushiashnctured tormilayout Optimizationinede]
Sales forecasts w1th(.)ut mark.downs were obtalnefl from tl.le demand forecasting model, while forecasts with of NOS pro d];é;i was defined and added to Eq. (4). As results are returned as an Excel file. There are applied
markdowns were adjusted using the sales coefficients. This method created a weekly sales dataset for each a result, when the model was run for NOS products, the markdown levels, stock information, sales price
O markdown level for each product, which was used in the mathematical model. new stock balance constraint was shown with Eq. (15). information and total turnover information on different
Z N'; + Ni; — 5 = Nigaq) Vi (15) pages of the file.
(2 =
L RESULTS
L]
G Demand Forecasting R* Score
z Fashion - Examp|e The aim of the model is to . . o0
o Prodact | Method Resul t (R? . T - Initial Stock | Turmnover Comparison of Result at Different Initial
Score) 200 minimize holding costs and as a Level Change| Change Stock Level
= NOS XGBoost 0.93 000 N result of the model, it was decided o o
< NOS  Decision Tree 0.89 800 | how much markdown would be -5% -4.80%
600 y O T 0
E Fashion XGBoost 0.72 200 applied to which product in which 3% 4.20% Normal 10.90%
Fashion Decision Tree 0.43 200 ~ week. In the initial stock level -10% -10.10% Initial -5% 11.50%
=~ 0 - S —— analysis, the change in total 10% 4.40% Stock 5% 10.00%
m 200 1 3 5 7 911131517192123252729313335373941434547495153 t b db - .
urnover was onserve Yy 150,”(0 4'?00},/0 LEVE' 1 000 8 . 9 000
- ——sales Y_pred decreasing and increasing the initial 15% = 30%
(&) stock levels, which were obtained . . - -
- Comparison of Demand Forecasting Fashion and NOS Forecast Result Example T T Rornd i e R it nes I‘“tla.l Inventory Analysis of
— Result and Real 2019 Data as input to the markdown Fashion and NOS Products When the total turnover value obtained as a result of
™ optimization model, by 5%, 10% the markdown optimization model is compared to the
Products Category Forecast Results NOS - Example and 15%. In the comparison made o actual turnover value shared by Penti for certain
O - “ 1600 for certain product groups for which Initial Stock | Tumover product groups in 2019, an improvement of 10.9%
Non-Wired Bra 1.39% 1400 - Level Change| Change hieved. As a result of the initial stock level
= . 1200 Penti shared 2019 real sales data, a Aldllg AALLE was achmeved. AS a resuit ol the mmual stock leve
= Other Bra 0.21% 1500 deviation of 10% was found as a < 0 oo analysis, it was observed that the total turnover
Short Top 0.00% 800 result of the forecasting with -2 .60% increased when the initial stock level decreased for
] - - = 600 c 5% -0.50% NOS products, and the total turnover also increased
E Liftine Bra -1.15% 200 XGBoost method, and this p ’
e | | m/\ deviati e fe T (e (0 -10% 1.20% when the initial stock level increased for fashion
- Minimuzer Bra 0.24% 200 = : evfa fon vatue ls, ess than e. o o ducts. Finall i terf desioned t L
0 deviation values in the forecasting 10% -1.30% products. rinally, an mteriace was designed to make
o Outlet Bra 0.17% 13 5 7 9111315171921232527293133353739414345474951 et Gy sl 159 5 0% the project usable and sustainable for Penti.
<L Push Up Bra -2.17% —Sales ——Y_pred - S
o
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