
Data Mining on Promotional Sales 



Obiettivi 

Goal: focusing on the effects of 
promotions on the sales of a single product, 
mainly aimed at optimizing its stoking: 
 

–  Forecasting sales of  promoted products . 
–  Forecasting “out-of-stock” 

 
Case study on product category = Food,  
Two months April 2006 & April 2007. 



Sales volume distribution in hypermarkets 
with equal-size binning (0-25-50-75-) 

•  20.53% of the promotions in a single store sold between 0 and 24 items (the 
leftmost bar in the figure),  

•  the 12.89% sold between 25 and 49 items,  
•  Many promotions with almost 0 sold items 



Sales volume distribution of promotions 
with al least 5 items sold 

•  11.% of the promotions in a single store sold between 0 and 24 items (the leftmost 
bar in the figure),  

•  the 13.79% sold between 25 and 49 items,  
•  The tale is less flat 



Figure 3: structure of relevant portion of the data 
warehouse 

Data Preparation 



Model building 

Predictors: 
–  Product details 
–  Promo details 
–  Volume of  sales in the periods befors the promotion 

Target Variable: 
–  Number of  sales for the promoted item 
–  Variation w.r.t  the month before the promotion 
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Field nme Description 

Vend_Art_3_1 Sales of  the article from 3 months to 1 month 
before the promotion 

Vend_Seg_3_1 Sales of  the segment from 3 months to 1 month 
before the promotion 

Vend_Art_1_0 Sales of  the article in the last month before the 
promotion 

Vend_Seg_1_0 Sales of  the segment in the last month before 
the promotion 

Giorni_Promoz
ione 

data sales of 16 months in 134 stores (522,541,764 records). 

Mining Table 



The target variables used to train the models 
are:  
(1) the sales amount of the promoted item and  
(2) The number of out of stock that occurred 
during the promotion. 
 
MINING TASK: MULTICLASS over ORDINAL 
CLASSES 
 



Case1: Predicting interval in volume 
sale 

•  Volume is continuous, range 0 –105.650, 80% less 
than 500 item 
– Discretize (how many classes) 
– Multiclass predictor 

•  Equal size binning: 
–   10 binwith => 965 bin (classes) 18% in first 3 classes 
–   100 binwith => 249 bin (classes) 64% in first 3 classes 

•  Equal frequency binning 
–  20 bins => ..refined 



Manual discretization 



Distribution of sales volume discretized 
in 20 bins – refined discretization 



Results evaluation 
•  Accuracy 55,1% on the training set, which drops 

to 22,45% over test set 



Class displacement distribution of 
predicted class vs. real class 

NOTE: it holds for ordinal classifiers  





 Rule 1: if more than 37 articles were sold in the 
last month  before the promotion (vent_art_1_0 
37) in the category “sugar” (categoria = zucchero e 
dolcificanti),  
Ø  and the promotion was not advertised in the 

advertising leaflets, 
Ø   the promoted item will sell the same or just a 

slightly higher amount than before the promotion 
(class = 2). 



Figure 7: Percentage variation of sales under promotion 

Case2: New Target Variable: 



Class  Meaning 

1 Drop of  sales (sales variation ≤ -20/%) 

2 Drop of  sales (sales variation ≤ -20/%) 

3 Small increase 1 ( variation between + 20% and +100%) 

4 Small increase 2 ( variation between +100% and 200%) 

5 Small increase 3 ( variation between +200% and 300%) 

6 Large increase 1 ( variation between +300% and 500%) 

7 Large increase 2 ( variation between +500% and 1000%) 

8 Large increase 3 ( variation between +1000% and 1500%) 

9 Extreme increase 1 ( variation between +1500% and 2500%) 

10 Extreme increase 2 (variation ≥ 2500%) 

Case2: Variation of  sales 





Results evaluation 
•  Accuracy reaches the 49.99% on the training set 

and 32.67% on the test set 



Class displacement distribution of 
predicted class vs. real class 

NOTE: it holds for ordinal classifiers  



Evaluating ordinal (multiclass) 
classifier 



Evaluating Ordinal Classifiers with 
distance matrix 



Weights Vector-based approach 







Coming back 



Class  Meaning 

1 Drop of  sales (sales variation ≤ -20/%) 

2 Drop of  sales (sales variation ≤ -20/%) 

3 Small increase 1 ( variation between + 20% and +100%) 

4 Small increase 2 ( variation between +100% and 200%) 

5 Small increase 3 ( variation between +200% and 300%) 

6 Large increase 1 ( variation between +300% and 500%) 

7 Large increase 2 ( variation between +500% and 1000%) 

8 Large increase 3 ( variation between +1000% and 1500%) 

9 Extreme increase 1 ( variation between +1500% and 2500%) 

10 Extreme increase 2 (variation ≥ 2500%) 

Our target vaiable 



Analisi dei risultati previsionali 

Accuratezza del modello  

Distribuzione della distanza tra classe predetta e classe effettiva 

Distanza 

Nel 75% dei casi la predizione è corretta a meno di una distanza di 2 classi 
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Ipotesi di utilizzo 

Ipotesi: 
–  Si mette in promozione di un articolo il cui venduto nei 15 gg 

precedenti è pari a 30 pezzi; 
–  Supponiamo che il classificatore preveda classe 5 (venderà tra 

il 200% e il 300% in più). 

Risultati: 
–  Al 32% (circa 1/3) di possibilità il prodotto venderà tra  90 e 

120 pezzi (predizione corretta), 
–  Al 60% il prodotto venderà tra 60 e 180 pezzi (scarto di una 

classe), 
–  Al 75% il prodotto venderà tra 36 e 330 pezzi (scarto di due 

classi). 
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Rottura di Stock 

Due differenti tipologie di rottura di stock: 
– A livello di magazzino; nella quale il 

magazzino si trova in difetto di merci 
durante il periodo di promozione ed è 
quindi impossibilitato a rifornire i negozi. 

– A livello di negozio; in cui il negozio 
rimane sprovvisto di merci nell’arco di una 
singola giornata di promozione, a causa di 
probabili rifornimenti insufficienti. 
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Case2: Out of stock 



Two cases 

•  Out of stock in the warehouse 
– We would need stocking data 

•  Out of shop the on a specific day of promotion 



Capturing out-of  stock in a day 





•  Cond1: decrease of adjacent sales 90% 
•  Cond2: no further (no adjacent) increase 
•  Cond3: minimum number BEFORE the out-

stock 
•  Cond4: if no number before reduce threshold 

75% 



Distribution of out of stocks in the 
Super stores 



Analisi dati Super 
Distribuzione del numero di giorni in cui il prodotto in 
promozione va in rottura di stock 
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Target variable: out-stocks (3 value) 



Target variable out-stocks (2 value) 



Es. Rule 

 if FL_VOLANTINO = Si 
 and CATEGORIA = ALIMENTI INFANZIA 
 and VEND_ART_3_1 > 142 
 and VEND_ART_1_0 > 96 
 then class = 1 
 
support = 677 confidence= 65% 



Rule 2 

 if MESE = 12 
 and CATEGORIA = 
GELATI  then class = 0 
supp= 379 conf= 95% 



Accuracy 

 
 
 

Se considero sbagliati solo i “falsi negativi” l’accuratezza del modello 
passa all’ 84,31% 
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Esempio Regola: Caffè 

se PRES_MKT = LEADER 
e VendSeg_1_0 > 479 
e CATEGORIA = CAFFE' 
allora 1 

se PRES_MKT = LEADER 
e VendSeg_1_0 > 479 
e CATEGORIA = CAFFE' 
allora 1 

Distribuzione binaria 
rottura di stock 

Distribuzione binaria 
rottura di stock ristretto 
ai prodotti della 
categoria caffè 
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Supporto: 1643  Confidenza 58,7% 



Esempio Regola: Caffè 

se PRES_MKT = LEADER 
e VendSeg_1_0 > 479 
e CATEGORIA = CAFFE' 
allora 1 

se PRES_MKT = LEADER 
e VendSeg_1_0 > 479 
e CATEGORIA = CAFFE' 
allora 1 

Supporto: 560   Confidenza 86% 
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Supporto: 718   Confidenza 67,93% 



Deployment 

•  I modelli predittivi consentono di “arricchire” i 
dati storici con dati previsionali 

•  Interfaccia uniforme verso l'utente finale 









Conclusioni 

•  Buoni risultati da affiancare con report statistici e 
personale con esperienza nel settore 

•  Possibilità di raffinamento del modello venendo 
incontro ad esigenze più specifiche (singoli negozi, 
singole categorie) 

•  Miglioramento della qualità dei dati nel datawarehouse 
–  Es. ruolo ed esposizione sono valorizzati con “non 

disponibile” nel 74% dei casi, ma non sono gli unici… 
–  potrebbe portare ad un significativo aumento della qualità dei 

risultati 


