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Abstract   

The current socio-economic context forces companies to focus on optimizing operations and 

processes in order to strengthen their market value and maximize their competitiveness. It is in this 

context that an effective prediction becomes a key factor to the extent which results in a larger and more 

accurate decision making both the long and the short term. Therefore there are various levels of planning 

under which the prediction proves valuable, and for a retail company to forecast demand it is a critical 

factor. The more accurate the prediction, the greater the responsiveness of the company as well as more 

optimized are the processes and the information and material flows. It is in this context that the present 

work arises whose aim is to analyze, quantify and forecast the impact of meteorological variables in 

consumption. Indeed, there are several factors influencing demand and the greater the sense of its impact 

the more accurate is the forecast and more profitable and optimized will the operation be. Thus, the 

consumption patterns of customers of Pingo Doce (PD) has been analyzed and through the study of its 

correlation with atmospheric phenomena it was possible to develop a predictive model applied to all the 

Pingo Doce universe, either in articles or in stores, which avoids out-of-stock and excess of merchandise 

in the store, resulting in a financial return for the group. 

 
Keywords: Forecast Models; Weathernomics; Accuracy; Food Retail; Supply Chain Management; 
 

1. Introduction 
 

The deep economic crisis settled in Portugal 

in May 2011 demanded companies to improve 

their processes and operations in order to keep 

their competitiveness.  Consequently the 

volatility and uncertainty of the market required 

the development of numerous strategies whose 

main aim is to reduce waste. Therefore the need 

of a precise predictive model it is a key-factor 

especially in the retail market where the 

forecast of demand takes a major role in 

optimization and value  

 

creation. This is the strategic guideline that 

Jerónimo Martins (JM) follows in order to 

improve its materials and information flow. 

However due to the change of PD’s pricing 

strategy paradigm from an Every Day Low Price 

(EDLP) to a High low Pricing (HiLo), demand 

forecasting became more challenging and 

difficult to achieve. This change in the PD 

strategy allied with the continuous growth in 

stores and sales, led to the need of a deeper 

analysis and improvement of the actual forecast 

model for the baseline assortment. It is in this 

context that the present work arises whose aim 



2 

 

is to analyze, quantify and forecast the impact of 

meteorological variables, such as rain and 

temperature, in consumption in order to 

improve the current PD’s forecast model and 

minimize out-of-stock and overstock events in 

stores. The present paper is structured as 

follows: in Section 2, the case-study is 

presented. In section 3 the relevant literature 

related with supply chain management, decision 

and planning levels as well as forecasts models 

and weathernomics is described. In Section 4 

the main strategies developed in order to cope 

with the complexity of the data and the results 

obtained from that analysis are shown. The 

forecast models developed during the present 

work will be described in Section 5 as well as the 

results obtained from the performance tests. 

Finally in Section 6 the main conclusions and 

future perspectives will be presented.  
 

2. Case-study  
 

As previously mentioned the focus of the 

present study lies with the improvement of the 

current Pingo Doce’s forecast model for the 

baseline assortment.  The PD’s forecast model is 

influenced mainly by two factors: Seasonality 

and Trend. 
 

  Seasonality – This factor is related with the 

direct impact that that particular week of the 

year has in consumption. For instance, the 

demand in the Easter’s week is not the same 

as in the after week. Therefore it is really 

important to take into account the impact of 

this factor. In fact seasonality is calculated 

through the analysis of the sales historical data 

of the year previous to the one we want to 

calculate (the sales average of the 4 previous 

weeks to the target week) 
 

  Trend – This factor takes into account the 

behavior of the demand in order to predict 

consumption. For instance, if the sales of a 

certain product are continuously growing the 

Trend factor will take that into account. Trend 

is calculated through the analysis of the sales 

historical data of the year we want to predict. 

(the sales average of the 4 previous weeks to 

the target week). 

Summarily the forecast value is obtained by 

applying the value of seasonality in the value of 

trend. Nonetheless, weather phenomena 

repeats itself year-to-year only 20% of the time 

(Planalytics, 2016) and since it has such an 

impact in demand the actual PD’s forecast 

model is unable to take this reality into account. 

Therefore the current forecast model is unable 

to properly predict demand in this two types of 

weather events: Non Seasonal Weather 

phenomena and Extreme Weather events. 

 

a) Non Seasonal Weather 
 

As previously described the seasonality 

factor is based on the premise of a Naïve 

approach: What happened in one period will 

happen in the next. However, as referred, the 

weather events are scarcely the same year-to-

year which can bring a lot of error into the 

forecast calculation. In figures 1 and 2 is 

described an article whose behavior is 

proportional to the rise in temperature (E.g.: 

Ice-creams). Therefore a rise in temperature is 

always followed by an increasing in sales which 

we can observe in figure 1.  

 
 

 
Figure 1- CONSTRAINTS OF THE CURRENT FORECAST 

MODEL – NON SEASONAL WEATHER (SALES 2015 IN LIGHT 

GREY AND AVERAGE TEMPERATURE IN DARK GREY) 

Accordingly to the current PD’s forecast 

model we would, for the year 2016, predict an 

increase in sales in the target week. 

Nonetheless, as we can observe in figure 2, in 

the target week in 2016 instead of hot 

weather, cold and rain events have happened. 

Therefore, the sales of the product have fallen 

and we were unable to prevent and predict 

them which has resulted in out-of-stock and 

overstock events in store. 
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Figure 2- CONSTRAINTS OF THE CURRENT FORECAST 

MODEL – NON SEASONAL WEATHER (SALES 2016 IN LIGHT 

GREY, AVERAGE TEMPERATURE IN DARK GREY AND FORECAST 

FOR 2016 IN BLUE) 

b) Extreme Weather Events 

On the other hand as previously mentioned 

the trend factor is obtained by the sales average 

of the 4 previous weeks. In case of an extreme 

shift in the weather events, like the one 

represented in the figure 3 the current model is 

unable to change its prediction in order to 

obtain a better forecast suggestion. 

 

 
Figure 3 - CONSTRAINTS OF THE CURRENT FORECAST MODEL – 

EXTREME WEATHER EVENTS (SALES 2016 IN LIGHT GREY, 
AVERAGE TEMPERATURE IN DARK GREY AND FORECAST FOR 2016 

IN BLUE) 

Therefore, the main goal of the present 

study is to develop an alternative model with the 

ability to take into account the impact of the 

several weather variables in order to improve 

the forecast model accuracy. In order to solve 

the presented problem a literature review will 

be performed next. 

3. Literature Review 
 

The supply chain is commonly defined as 

the link between all the parts involved from 

acquiring the raw material till the delivery of the 

finished goods to the final customer (e.g. 

suppliers and retailers). Consequently in order 

to have an optimized supply chain it is really 

important to have a collaborative relationship 

between them as well as a good supply chain 

management. 

3.1. Supply Chain Management  
 
The Supply Chain Management (SCM) 

encompasses the planning and management of 

all activities involved in sourcing and 

procurement, conversion, and all logistics 

management activities. Importantly, it also 

includes coordination and collaboration with 

channel partners, which can be suppliers, 

intermediaries, third party service providers, 

and customers. In essence, supply chain 

management integrates supply and demand 

management within and across companies. 

(Council of Supply Chain Management, 2016).  

Therefore in order to minimize events like 

the bullwhip effect, largely described by authors 

like Forrester (1962), Lee et al (1997) and 

Houlihan (1987) it is truly important to develop 

a collaborative relationship through all the 

supply chain. In fact Barratt & Oliveira (2001) 

described the numerous advantages that result 

from a collaborative management between all 

the supply chain links: 
 

- Improved Customer Service Level and more 

an efficient use of resources 

- Decreased Stock level and Sales increase 

- Greater sharing of ideas, information and 

knowledge 

- Competitive advantage over other supply 

chain 
 

Nonetheless, in order to have this integrated 

management there is the need of a vertical 

involvement within the company. Indeed 

Anthony (2000) suggested that a supply chain 

collaborative relationship can only occur when 

two or more companies share the responsibility 

for a common plan as well as the executive 

management and performance evaluation. 

Therefore the several levels of planning and 

decision take a preponderant place as described 

below. 

 
3.2. Planning and Decision Levels 

 
Carvalho et al defines planning as the 

process whereby the organization makes plans 

and defines orientation in order to achieve its 
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goals and vision and consequently fulfill its 

mission. Planning is accomplished at several 

levels accordingly to the time horizon and 

investment needed and can be categorized in 

three main levels: strategic, tactical and 

operational.  

The decisions determined in the sphere of 

the strategic planning have a time frame that 

can surpass 10 years. They translate into high 

investments and commonly the decisions made 

at this level concern the competitive position of 

the company and determines the rest of the 

business. Stevens (1989) refers the importance 

of the strategic planning namely the fact that 

when disaggregated it can lead to a 

competitiveness loss. On the other hand the 

tactical planning is related to medium term 

decisions. At this level it is intended to have an 

availability of resources so that at an operational 

level the company’s performance accomplishes 

with the one decided at the strategic level. 

Finally the operational planning concerns all the 

day-to-day operations and translates into the 

optimization and monitoring of the process in 

order to maximize efficiency (Carvalho, 2012). 

This level of planning and decision is 

characterized by a short term window frame. 

Therefore an accurate predictive model turns 

out to be a critical success key-factor since it 

helps in the decision making. Taking into 

account the abovementioned and the problem 

studied in this thesis it is following described 

state of the art concerning the prediction 

methods. 

 
3.3. Forecast Models 

 
Forecast models are not universal for all 

kinds of data. In fact, accordingly to the kind of 

series we want to predict or the accuracy range 

we are able to accept as correct, we should 

select the prediction model. These models are 

categorized in two main branches of analysis:  

qualitative prediction and quantitative 

prediction. The qualitative prediction is 

advantageous when there is no historical data to 

analyze. Consequently the forecast is based on 

opinions of experts on the matter as well as on 

questionnaires to customers. 

On the other hand the quantitative models 

are usually preferred when there is enough 

historical data available to apply statistical 

equations. These methods can be divided into 

two main categories, namely, the Non-casual 

methods and the Casual ones. Due to the large 

amount of information that we possesses, we 

will during the present study to apply the 

quantitive methods.   
 

3.3.1. Non-Casual Methods 
 
The non-casual methods are models based 

on the assumption of continuity. Therefore, they 

assume that the patterns and trends which have 

happened in the past will be reproducible in the 

future. Commonly in the context of sales 

forecast deterministic and probabilistic methods 

are applied. During the present study we will 

apply the Single Exponential Smoothing (SES) 

and the Holt-Winters (HW) method that will be 

described below. 

 The SES method is frequently applied to 

series characterized by locally stationary trends 

and no seasonality. This methodology is 

continuously adjusted regarding the forecast 

error and is expressed by the equation (1): 
 

𝑃𝑡+1 =  𝑃𝑡 +  𝛼(𝑌𝑡 − 𝑃𝑡)      (1) 
 

Where α is the smoothing constant which 

varies between 0 and 1 and. 

Contrarily the HW method is commonly 

applied to series characterized by trend and 

seasonality components. In order to adjust in 

the most appropriate way to the series pattern 

this methodology has 2 basic formulations: 

additive and multiplicative model. These models 

are expressed respectively by the equations (2) 

and (3): 
 

𝑃𝑡+ℎ = 𝑎(𝑡) + ℎ × 𝑏(𝑡) + 𝑆𝑡+ℎ−𝑠  , ℎ = 1,2, .. (2) 

 
𝑃𝑡+ℎ = [𝑎(𝑡) + ℎ × 𝑏(𝑡)] × 𝑆𝑡+ℎ−𝑠  , ℎ = 1,2, .. (3) 
 
Where 𝑃𝑡+ℎ is the forecast, a(t), b(t) and 𝑆𝑡 

are the expressions of level, slope and seasonal 

index and h the number of steps. 

 
3.3.2. Casual Methods 
 

The casual methods are characterized by 

using the variable’s we want to predict historical 

data as well as the data related to the variables 
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it is influenced by. Indeed, this methodology 

pretends through applying statistical 

formulation to stablish a relationship between 

two or more variables. During the present study 

the linear multiple regression (LMR) will be 

applied to the data analyzed. The LMR 

establishes that a dependent variable (Y), in the 

case of the present study the sales, are 

influenced by numerous variables 

(independent) for instance the trend, 

seasonality and weather shifts. This method 

considers that the errors are constant along the 

observations as well as having a normal 

distribution. That being said from all the 

quantitative methods abovementioned this 

method is the one that more truly accounts the 

effect of the weather variables as we intend 

during the present study.  

 
3.4 Weathernomics 

 
Indeed the study of climatology and 

weathernomics comes early as recurring theme 

for man. Nonetheless only in 1951 was the 

influence of this topic discussed relatively to 

retail where this factor as such an important 

role. Steele (1951) studied the impact of the 

weather events, such as temperature and rain, 

and theorized its impacts on the consumption 

habits, namely, the impact on the purchasing 

time or the direct response of the customer to 

the weather (for instance to buy cold drinks 

instead of hot drinks when it is hot).  All his 

conclusions were confirmed and studied later in 

the last decade. Kirk (2005) concluded that 37% 

of the inquiries in his study would not go 

shopping when it is raining, 35% wouldn’t go 

shopping at severe low temperatures and 30% 

wouldn’t go shopping in excessive heat. Murray 

et al (2010) in his study entitled the effect of 

weather on consumer spending concluded that 

high temperatures are associated with positive 

emotions and consequently to a greater 

propensity to consumption.  

In fact, in 2015 several reports were 

presented concluding that nowadays, 

companies don’t take into consideration the 

weather in their decisions although its shown to 

have a preponderant impact (The Weather 

Channel,2015) . Moreover the Footfall (2015) 

also described the fact that the footfall index is 

positively influenced in Portugal by the rise in 

temperature, although this doesn’t happen in all 

of the countries in study, concluding that the 

way the weather impact on us is not transversal. 

Thus taking all the above mentioned into 

account we can conclude that not only does the 

weather events have a great impact in 

consumption but also its influenced in retail is 

being profoundly studied nowadays what gives 

a greater importance to our study.  

4. Data analysis  
 

As referred in Section 2 the main goal of this 

study is to improve the accuracy of PD’s baseline 

forecast model taking into account the impact of 

weather events in consumption.  
 

4.1. Initial Sample 
 

Due to the complexity of the data, namely 

the amount of PD stores (≈ 400 stores), we have 

considered an initial sample of 6 stores in the 

Lisbon district with different geographic 

locations, store typology (super, mega and 

hiper) and with the existence or not of parking 

lot.  
 

Table 1- STORE INITIAL SAMPLE 

Store Typology Parking Lot 

Póvoa de Sto Adrião Mega Yes, Uncovered 
Loures Mega Yes, Uncovered 

5 de Outubro Super No 
Parque Europa Super Yes, Covered 

Est. Da Luz Super No 
Bela Vista Hiper Yes, Covered 

 
Also the fact that in PD’s assortment there are 

almost more than 1 million articles gave us the 

need to aggregate our article sample into a 

lower level of differentiation, namely, the Sub-

Category (SC) as described in figure 4.  
 

 
 

Figure 4 - PRODUCT AGGREGATION DEGREE AT PD 
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Due to the brand’s current promotional 

environment we had to recede our study to a 

window frame prior to these strategy. Therefore 

our analysis will occur in two different window 

frames: firstly in a Non-promotional window 

frame (covers the years 2009 to 2011) and 

secondly in a Promotional window frame 

(covers the years 2013 and 2014). Moreover the 

data related to the weather phenomena was 

obtained through two sources: 

WeatherUnderground® and the Departamento 

de Previsão Numérica do Instituto Superior 

Técnico and since the PD’s forecast model 

functions on a weekly basis we considered the 

week as minimum time aggregation level and its 

respectively average temperature. Due to the 

fact that we need to pick specific weeks with 

certain weather events we needed to be sure 

that we hadn’t limitations in this choice. 

Therefore, we analyzed the shopping profile of 

the PD’s customers and concluded that they 

purchase on a weekly basis and consequently 

there was no limitation.  
 

Table 2 - WEEK OF THE MONTH'S WEIGHT IN SALES ACCORDINGLY TO 

STORE TYPOLOGY 

Week of the Month Hiper Mega Super 

1 0,25 0,26 0,25 
2 0,24 0,25 0,25 
3 0,25 0,24 0,25 
4 0,26 0,25 0,25 

 
4.2. Data Analysis Strategy 
 

As previously mentioned our analysis occurs 

in two different time window frames: Non-

promotional and promotional. According to the 

period under study so it is the applied strategy 

different as we can observe in figures 5 and 7: 

 
 

 
 

Figure 5- DATA ANALYSIS STRATEGY FOR THE NON-PROMOTIONAL 

PERIOD 

In step A we aim to understand in a non-filtered 

manner how does the sales vary along the year 

in order to understand the limitations of the 

data as we can observe in the figure 6. 

 

Figure 6 -DEVELOPMENT OF SALES OF A STORE OVER A YEAR 

FOR THE PERIODS 2009, 2010 AND 2011 

As we can see by analyzing the figure 6 in the 

summer window frame we observe a decrease 

in consumption, due to the fact that we are 

treating stores from the Lisbon district and 

therefore we assist in this term to the vacation. 

Through the strategy described in 5 (Stage B) we 

defined for the temperature variable a range of 

temperatures considered important for the 

analysis. Therefore in the table 3 we can observe 

those ranges:  

Table 3 - RANGES AND RESPECTIVELY TEMPERATURE SHIFTS 

Range T Range (°C) 

0 <0 
1 [0-10[ 

2 [10-15[ 

3 [15-20[ 
4 [20-25[ 

5 [25-30[ 

6 ≥30 
 

Moreover for the stage C we divided the Sub-

categories into ABC, accordingly to their weight 

in sales and considered only as important 

variations that: 

- Class A – variations higher than 5% 

- Class B – variations higher than 25% and 

sales differential higher than 1 

- Class C - variations higher than 50% and sales 

differential higher than 1 
 

 After all the data analysis above mentioned we 

concluded that 148 Sub-categories were 

influenced by weather events. Nonetheless, it is 

important to validate that fact in a more recent 

period. Therefore we firstly needed to remove 

A
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the promotions effect on consumption and we 

did it through the strategy described in the 

figure 6. 

 

Figure 7 - DATA ANALYSIS STRATEGY FOR THE PROMOTIONAL PERIOD 

It is important to highlight that this strategy 

was only applied to the Sub-categories defined 

previously in the non-promotional period. As 

already mentioned the consumption in the 

promotional window frame is more difficult to 

calculate since it’s largely influenced by many 

external factors associated to the promotions 

environment, namely, the discount or 

competitors actions. Nonetheless, a lot of these 

events are extremely hard to calculate thus we 

tried to quantify the impact of synergies and 

cannibalism as well as the impact of a promoting 

in the previous week. In order to quantify the 

impact of synergies and cannibalism we 

considered that this kind of phenomena was 

quantifiable at the Category Level (See Figure 4) 

and developed the concept of Dominant Sub-

category, as the one which in sale “steals” the 

sales from others articles within the category. 

Therefore we developed a model were we 

considered 6 scenarios and quantified 4, as 

observed in table 4.  

S.1. SC Dominant in Promotion and Non- 

Dominant SC not 

S.2. SC Dominant and Non-Dominant in 

Promotion 

S.3. SC Dominant not in promotion and Non-

Dominant in promotion 

S.4. Dominant and in promotion 

S.5. Dominant and not in Promotion 

S.6. SC Dominant and Non-Dominant both not in 

promotion 

 

Table 4- SYNERGIES DEVIATION IN SALES 

Scenario Sales (%) 

Scenario 1 -0,2 
Scenario 2 +0,11 
Scenario 3 +0,17 
Scenario 4 +0,5 

 

After quantifying the impact of these events in 

the consumption we intended to quantify the 

impact of having the article in promotion in the 

week before we were studying. In fact, 

considering the premise of forward buying, we 

believed that after being in promotion at week 

N-1 the article’s sales will decrease in the week 

N. Therefore we study the impact in the Week N 

for a Sub-category being in promotion in week 

N-1 or in both weeks. However, no coherent 

results obtained. In fact, sometimes the sales in 

the week N would increase contrarily to what we 

expected. Thus we didn’t consider the impact of 

this factor in order to smooth the impact of 

promotions in consumption. It is also important 

to highlight that for both studies (B and C) we 

considered weeks with service level of 

apromoximatly 98% (historically considered in 

the company as a good value for this index) and 

without weather changes so that this would not 

influence the analysis. We also did the study 

through the various weeks along the year in 

order not be impacted by the factor seasonality.  

Quantified the impacts above mentioned 

we developed a decision model, accordingly to 

the ANSI metrics that we applied to the absolute 

value of sales in order to smooth that value. 

Then we validated the 148 Sub-categories 

initially defined in the non-promotional time 

window-frame and obtained 128 Sub-categories 

what confirmed as correct the strategy 

previously described.  

Selected the 128 Sub-Categories in the PD’s 

assortment that are influenced by the weather 

events we will develop a forecast model able to 

predict its sales which will be described in the 

following Section. 

5. Results 
 

 

During the present study we developed two 

kinds of forecast models: one totally empirical, 

adapted from the current PD’s forecast and 

A Sales Analysis (2013 e 2014)

B
Quantification of the 

Synergies and Cannibalism 
events

C
Quantification of the impact 

of the pevious week 

D
Formulation of the 

Promotional Smoothing 
Model
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other based on the quantitative methods 

described in the literature review.  

 

5.1. Empirical Model 

 
As referred in Section 2 the current PD’s 

forecast model takes into account for its 

calculation two main factors: Seasonality and 

Trend. Therefore we will for, our empirical 

adaptation, also include these two factors. 

Taking into account the analysis of the PD 

customer’s weekly basis shopping profile we 

considered the values of consumption for the 

previous week. Nonetheless, considering that 

the current model takes into consideration the 

four previous weeks consumption and once that 

for the group these is a way to smooth erratic 

behavior in sales, we will also develop the 

empirical model taking into account the 4 

previous weeks.  
 
 

5.2. Quantitative Models 
6.  

 

As referred in Section 3 we studied the 

quantitative models in order to understand if  

they were a better alternative to the empirical 

models since they have been proven as more 

accurate.  Therefore we concluded that due to 

the kind of data analyzed during the present 

study, the quantitative methods were the onse 

that would have a better performance. This 

models are applied to every SC in a very specific 

and optimized manner since its variables were 

all calculated accordingly to the sales values for 

that SC.  As previously mentioned we applied 

three types of quantitative methods: Single 

Exponential Smoothing, Holt-Winters and 

Multiple Linear Regression. Although the LMR 

method was applied to all the SC, the SES and 

HW were applied to specific SC: the first one to 

SC with low variability (Group 1) and the second 

one to the others (Group 2). We will then 

evaluate the accuracy of all of the models in 

order to understand which ones are more 

appropriate to the sales patterns of PD and 

therefore give a better forecast taking into 

account the impact of weather in consumption, 

as it’s our main goal in this study. Therefore we 

calculated the mean absolute error (MAE) and 

the mean square error (MSE).  
 

Table 5 – Performance of the Empirical Models (1 week and 4 weeks), current PD’s forecast model, SES model and 
LMR method (Group 1) 

 
Empirical M. 

(1 Week) 
Empirical M. 

(4 Week) 
PD’s Forecast Model SES LMR 

S16 
MAE 5,94 5,96 7,04 5,69 1278 

MSE 148,89 111 150 14,4 2143 

S19 
MAE 5,2 6,34 7,1 6,35 57,8 

MSE 100 66,2 80,7 15,1 3420 

S20 
MAE 8,2 2,31 8,16 3,01 79,3 

MSE 78,1 11,63 78 10,9 71,1 

S21 
MAE 16,2 16,15 16,9 19,1 1920 

MSE 4400 4403 3808 5199 >1000 
 

Table 6 - Performance of the Empirical Models (1 week and 4 weeks), current PD’s forecast model, HW model and 
LMR method (Group 2) 

 
Empirical M. 

(1 Week) 
Empirical M. 

(4 Week) 
PD’s Forecast Model Holt-Winters LMR 

S16 
MAE 6,3 6,23 8,43 >1000 >1000 

MSE 171,3 249,5 377 >1000 >1000 

S19 
MAE 10,5 30,67 71,74 >1000 >1000 

MSE 800 9147 39839 >1000 >1000 

S20 
MAE 3,67 2,96 3,6 >1000 972 

MSE 164 47,7 163,5 >1000 >1000 

S21 
MAE 3,60 3,69 4,18 >1000 900 

MSE 70 64,32 111 >1000 >1000 
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Analyzing the table 5 it turns out that the 

models that have a lower error are the empirical 

ones, for 1 and 4 weeks, and the single 

exponential smoothing method. Indeed, the 

multiple linear regression model compared to 

other methods has a very high error value. Thus, 

we concluded that to predict weather events 

that occurred in the weeks 16, 19, 20 and 21 the 

empirical models developed throughout this 

work have better assertiveness values. In the 

case of 6 table, developed empirical models 

have the best behavior as well while multiple 

linear regression methodology has very high 

error values. As expected and consistently with 

the results obtained during the preliminary 

tests, the Holt-Winters model has very high 

error incompatible with the need of the 

business. The error magnitude presented in the 

three quantitative models reviewed in literature 

may be due to the fact that the minimum 

aggregation level of this project was the sub-

category which when applied at the level of the 

article may insert a large error. Comparing the 

empirical models (1 week and 4 weeks) 

developed in this project we observ that they 

generally have a very similar error value as it had 

been obtained in the preliminary tests. The 

Week 19 (Week 20 2015) was the one that in the 

previous year represented the climate shift for 

the summer weather. However in 2016 the 

temperature had not all this behavior and was 

consequently a great smoothing was applied. In 

the case of this week, and as expected the 

empirical model for 1 Week was the one that 

showed the best result since it was the one that 

was originally developed for the purpose. Taking 

into account the results obtained in this thesis 

JM system implemented in the empirical model 

developed for 4 weeks. So that the results 

showed in tables 7 and 8 represent actual results 

obtained by implementation of the model in 

business.
 

 
Table 7 – PERFORMANCE OF THE EMPIRIC MODEL (4 WEEKS) AND PD’S FORECAST MODEL 

 Empirical M.(4 Weeks) (UN) PD Model (UN) Δ UN 
Variation (%) 

 

Exceeded 
Merchandise 

45019 162810 -117791 -72 

Missing 
Merchandise 

51873 34935 16938 48 

Out-of-Stock 
(Seasonality) 

15 15 - 0 

Total Misplaced 
Merchandise 

96893 197745 -100852 -51 

As mentioned above, based on the 

results of preliminary tests, JM decided to 

implement in SAP (System) the empirical model 

for 4 weeks. Thus, it was considered appropriate 

to compare the improvements achieved by the 

implementation of this new model when 

compared to the previous we wanted to 

improve. These improvements are recorded in 

Table 7 relatively to the level of goods in excess 

or missing (misplaced merchandise) and 

occurrence of out-of-stock events. Thus, 

analyzing table 8 we can compare the 

advantages and disadvantages of the model 

developed in this thesis compared to the 

previous. 

 
Table 8 – IMPACTO OF THE APPLICATION OF THE EMPIRICAL MODEL (4 WEEKS) VS PD’S FORECAST MODEL  

 Δ UN Δ Cost (Euros) Variation (%) 

Total Misplaced Merchandise 100852 31488 30 

 This reduction of goods in store may indirectly 

reduce out-of-stocks on the shelf since releases  
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The sotre’s warehouse space allowing the store 

a better management of it. It notes that results 

presented in both tables represent the totality 

of shopsof the PD’s universe, shops whose 

district has changed the weather phenomena. It 

is noteworthy that for the cost analysis was 

considered the average price of sale applied. 

6. Conclusions 
 

The purpose of this dissertation arose from the 

need felt by Pingo Doce to improve its baseline 

forecast model, namely, to take into account the 

impact of meteorological phenomena, such as 

temperature and precipitation, which for the 

Group's experience have a strong influence on 

sales. Moreover, in addition to temperature and 

precipitation JM also asked to consider the 

influence of whether considering the existence 

or not of a covered parking lot in stores given the 

fact that its existence is directly related to the 

precipitation effect. Indeed, many of the 

situations of rupture and excess merchandise 

were due to the influence of these three 

variables and so it is essential to have them 

quantified in the model. Therefore to achieve 

this goal we developed the present study over 

several phases. Initially we analyzed the 

literature review and tried to identify a set of 

predictive models that could be applied to. Then 

developed an analysis of five-year sales history 

and defined an initial sample in which we 

correlated the consumption pattern of PD’s 

customers with variations of phenomena. 

However, at present the insignia has a strong 

promotional policy which undoubtedly 

influences the consumption values. Therefore, it 

was necessary to develop numerous strategies 

of analysis and data filter in order to remove 

possible disruption of these factors for analysis. 

Thus, through the analysis of millions of lines of 

information it was possible to select 128 Sub-

Categories influenced by temperature and 

precipitation variables as well as account the 

impact in sales due to the existence or not of a 

covered parking lot. Defined the Sub-categories 

we developed and implemented models of 

various types: empirical (two versions - 

empirical model of 1 week and empirical model 

of 4 weeks), quantitative (causal and non-

causal) through which it was intended to 

complete what kind of more assertive model to 

predict such phenomena. Thus, they were 

performed numerous tests, preliminary and 

final, which allowed a continuous validation of 

the results the concluded that the empirical 

models adapted from the forecast of Pingo Doce 

model revealed themselves more assertive in 

the forecast, and for large variations the 

Empirical Model of 1 week was the one that 

showed more accuracy. While for small 

variations the 4 weeks empirical prediction 

model that it was revealed that more assertive. 

The models reviewed in literature ultimately not 

prove as assertive as expected probably due to 

the fact that the minimum aggregation level is 

the Sub-Category and as such when applied to 

the article level that failure prediction. Taking 

into account the results and decision of JM the 

empirical model of 4 weeks was implemented in 

the Pingo Doce banner management system 

which has been shown more precise and 

financially more favorable to the group, with the 

existing, validating the importance of this work 

and strategies considered it. 
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