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1. Introduction

In the first assignment, we proposed an original sales forecasting model (*) for lemonade sales
of Raak on the right. Considering the enthusiastic feedback from the members of the board who
have all read the report on the first assignment, we proceed with the initial model for further
estimation and validation with some new variables.

This report will demonstrate insights of how well the selected model is able to predict future
observations since it is an important sales forecasting tool for future logistic and operational
decisions. In the first section, a deeper look is taken at the variables within a simple
multiplicative model, after which we dive into the estimation methods, validation and a final
functional form.

2. Variable Description

In this section, there are seven additional independent variables based on the feedback besides
the original independent variables which are base price, feature, display and feature plus display.
Then, we briefly explain how these new variables are constructed in order to improve the model
performance and the intuition behind it.

These newly added variables are temperature variable (T), PrivateLabel (PPL), Slimpie (PS),
Sales Lag (SL), smoothened BasePrice (BP), Price Index (PI) and New COVID cases (C)
which are included in the following sections regarding the corresponding factors we considered.

1. Seasonality and Temperature

Since the result of our ANOVA test (see Table Al) on quarters is significant (p = 0.001), we
decided to include seasonality. Besides, lemonade is a specialty product with seasonal effects
(Hoos, 1956). So we included a temperature variable (T) to ensure our model captures this
effect. By doing a simple linear regression we again found that temperature is highly correlated
with Sales for all brands and chains.

2. Competitors' Prices

Since the price of a competitor will also influence the Sales of the Raak brand (Farm, 2016), we
included the price of both PrivateLabel (PPL) and Slimpie (PS), as they are the closest
competitors in terms of sales and price.

3. Dynamic effects

The current effects model would not be the most ideal one as promotional activities might have
pre- and post-sales effects. Furthermore, in-store promotional activities are associated with
creating physical marketing elements and setting them up. This may create delayed-response
effects, such as execution and noting delays (Leeflang et al., 2016). In order to measure such
dynamic effects, we included a new variable Sales Lag (SL).

4. Price index and base price

Since the size of the promotion also has a large impact on Sales, we also added a price index
derived from pricePU / BasepricePU. Moreover, BasePrice also has an effect on the Sales so we
include both BasePrice (BP) and Price Index (PI) in the model.



5. COVID data

As COVID had a tremendous impact on Sales in the supermarkets, especially in 2020, we also
thought including the COVID data would be of severe importance. We did so based on the
GitHub data frame. We took weekly averages and only focussed on the New COVID cases (C)
instead of the total because the number of new cases was the most important indicator for the
Dutch government in terms of regulations.

6. Smoothened base price

For the BasePrice (BP) we used the smooth version for the cases in which the actual price was
higher than the base price. We did so because we are looking into promotional effects and we
consider an increase in the actual price as an increase in the base price instead of a promotion
where the actual price is higher than the base price.

3. Estimation

Despite the log transformation being needed before estimating with the multiplicative model, the
research of Dai et al. (2022) has demonstrated that interaction effects exist between
display-related promotions and price discounts when modelling sales, suggesting that a
multiplicative model may be more appropriate if we want to measure interaction effects and
elasticity. Besides, from our correlation analysis among independent variables, they seem to have
interesting interactions across the years for the Raak data. Our functional form decision for a
multiplicative model is well-represented in and supported by past literature as described in the
meta-analysis of Tellis (1988). So we decided to build a simple multiplicative model
(non-linear in parameters but linearized) in the following sections.
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similar fashion, we can get f,, 3; etc. Specifically, f, f; are elasticity estimates that indicate the
percentage change in that variable according to the percentage change in price.

Method 2 & Method 3: pooled model and partially pooled model

To make sure our model has the best fit with reality, |df pooled |(7207)- 11 = 1438

we performed the chow test to test whether pooling | 4 pariany | 74207 17+ 1432

or partially pooling is allowed. The table on the df unpooled | 196(AH)-196(Coopy+198(Deea)~ 196(Hoogvlie
right shows the degrees of freedom per model. 1)+198(Jumbo)+ 196(Plus)+ 198(Online) = 1378

Unpooled vs. Fully pooled: We performed the

chow-test by computing the F-statistic with the Residuals’ Sum of Squares for the unpooled
model vs. the fully pooled model. We found an F-statistic of 65.895, which indicates a p-value of
0.00. This indicates that a fully pooled model is not allowed.

Unpooled vs. Partially pooled: We performed the chow-test by computing the F-statistic with the
Residuals’ Sum of Squares for the unpooled model vs. the partially pooled model. We found an
F-statistic of 14.993, which also indicates a p-value of 0.00. This indicates that a partially pooled
model is also not allowed.

Consequently, we decided not to pool our data and to continue with an unpooled (unit-by-unit)
model. We decided to use the Hoogvliet chain as our selected chain for further analysis. Then we
first ran a linear regression analysis on the model and before we continue with testing all the
assumptions, we first discuss the initial significance of the model as it currently exists.

4. Validation

Model fit

The graph on the right shows a comparison of the actual
sales of Raak at Hoogvliet (blue line) and the fitted sales
(red line), according to our current model. The graph
clearly shows that the fit between the model and the _
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Significance of initial unit-by-unit model

To be able to test for validation, we split our dataset into two parts. We used the first 80% of our
data for estimation and the last 20% (from 01-08-2022) for validation.

Overall our model (see Table A2) was statistically significant ((F(10, 175) = 78.4, p <.001)) with
a high model fit (R* = 0.82; Adj. R* = 0.81). When examining the individual parameters, found
the following variables to be statistically significant: Price per Unit for Private Label (p = 0.017),



Feature Only (p < .001), Feature and Display (p < .001), Lagged Unit Sales (p < .001),
Temperature (p < .001), Weekly Avg. COVID Cases (p = 0.003). This thus indicates that some of
the variables which we would expect to be significant, based on the literature, are not that
important. We see that surprisingly the Price Index is only slightly significant (p = 0.083) and for
the two competitor variables we have included, only the Price of Hoogvliet’s private label is
significant (p = 0.017). However, since we haven’t tested and solved the issues regarding all the
assumptions, we are not yet able to draw conclusions from these coefficients.

Multicollinearity

After deciding to use the unit-by-unit model for the Hoogvliet chain we checked for
multicollinearity. By looking at the VIF values, we found high multicollinearity for one variable,
namely the log(Pricelndex), with a VIF of around 5.504. We found relatively high correlations
between the Price Index and the promotional variables. To fix the multicollinearity issue we
decided to split the Pricelndex variable into four different variables:

1. pfl: Price Promotion combined with Feature advertising support

2. pd1: Price Promotion combined with Display advertising support

3. pfdl: Price Promotion combined with Feature & Display advertising support

4. pwol: Price Promotion with no advertising support
And we adjusted the three promotional variables, so they only take into account the observations
in which there is no price cut;

5. fwol: Feature advertising with no Price Promotion support

6. dwol: Display advertising with no Price Promotion support

7. fdwol: Feature and Display advertising with no Price Promotion support.
By looking at histograms and other plots we decided to use 17 as the cut-off point for the
promotion variables. This means that in at least 17% of the stores there needs to be a specific
promotion to categorize it as “support”. For the Pricelndex we took a cut-off point of 0.76. This
means that the actual price must be at least 24% lower than the base price to categorize it as a
promotion.

After doing so, we found that the VIF values for all the variables in the new model were < 5.0,
indicating no multicollinearity. For the Pricelndex variable with DisplayOnly support (pdl), we
had fewer than 5 observations. Therefore, we eliminated this variable from our model. After this,
all VIF values remained < 5.0. These modifications resulted in a statistically significant model
(F(11, 174) = 54.6, p <.001) with a slightly lower but still excellent model fit (R? = 0.78; Adj. R?
= (.76), visible in Table A4. Furthermore, we had the following significant variables: Price per
Unit for Private Label (p = 0.010), Price Promotion with Feature advertising (p < .001), Price
Promotion with Feature & Display advertising (p <.001), Feature and Display advertising with
no Price Promotion support (p <.001), Lagged Unit Sales (p < .001), Temperature (p <.001) and
Weekly Avg. COVID Cases (p = 0.003).

Heteroscedasticity

To make sure the residual variance of the error term
does not differ over time, we checked for

heteroscedasticity. The plot on the right shows the j.—=& .= LT S



residuals over time and this does not indicate heteroscedasticity. However, we need to check this
more formally. We checked the influence of 3 variables on the variance of the Unit Sales. We did
so by performing the Goldfield-Quandt test.

Effect of promotions

We decided to define promotion as a situation in which the Price Index dropped below 0.95. This
resulted in an F-statistic of 5.1982 and a p-value of 0.999. This indicates that there is no
heteroscedasticity, meaning that the residuals of the Unit Sales do not differ during promotional
weeks.

Effect of warm days

We decided to define a warm day as a situation in which the temperature rises above 18 degrees
Celsius. This resulted in an F-statistic of 5.6843 and a p-value of 0.999. This indicates that there
is no heteroscedasticity, meaning that the residuals of the Unit Sales do not differ during warm
days.

Effect of COVID

To compare the effect of COVID on the variance, we compared the period before the first
COVID case with the period after the first registered COVID case. This resulted in an F-statistic
of 0.09382 and a p-value of 0.000674. This indicates that there is heteroscedasticity, meaning
that the residuals of the Unit Sales do differ after COVID started. We attempted to treat this with
a GLS model (see Table A3), however, it performed significantly worse in terms of predictive
validity, which is why we use the non-GLS as our main model. We will discuss this further in the
conclusion, as there are implications to consider for both models.

Non-normality

Then, we detected there is non-normality in the distribution of residuals under the Lilliefors
(Kolmogorov-Sirnov) normality test with a significantly small p-value of 4.963¢-08. Further, the
Shapiro-Wilk normality test and the Jarque-Bera normality test also showed significantly small
p-values indicating that the normality assumption is violated.

By applying a remedy of a bootstrapped version of our model, we can see the majority of the
significant explanatory variables still remain significant as they are in the OLS model (see Table
A5). However, without the assumption of normality under the bootstrapped version, we can get
the true level of significance from the corresponding p values in the empirical distribution of
residuals.

Autocorrelation

Another OLS assumption is autocorrelation, which we tested in three ways. Firstly, we looked at
the Durbin-Watson test, which was significant (p = 0.008) with a DW value of 1.687. After
checking the Durbin-Watson table we found the lower and upper limits (dL = 1.561; dU = 1.791)
based on k* = 11 and n = 186. This classifies our DW value in the “grey zone”, making the
Durbin-Watson test not definitive and presenting a need for further testing. Next, we opted to run
a visual test, namely an ACF plot (see Figure Al). After the lag-0 correlation, the subsequent



correlations drop quickly to zero and stay between the limits of the significance level indicated
with blue dashed lines (Coding Prof, 2022). Therefore, we can conclude that the residuals of this
model meet the assumption of non-autocorrelation. Finally, we conducted a Breusch-Godfrey
test, which checks for autocorrelation among residuals of the first-order, second-order,
third-order, etc. Our results were insignificant (p = 0.081) indicating we cannot reject the null
hypothesis and conclude that there is no significant autocorrelation in our model.

Unusual data points

First, we applied the student residuals to detect outliers, measured the multivariate distance
between the point and its average to detect leverage points and Cook’s D to detect influential
points (see Figure A2).

Then, a table containing all the above statistics was constructed (see Table A7) where we
conclude that observation 4528 is a high-leverage point (but no outlier) and has the highest
influence of all on the regression and observations 4440, 4483, 4434 are high-leverage outlier
points with moderately high influence on the regression.

Finally, we did the robust estimation in R in order to weigh down these unusual data points
according to their detrimental influence on the estimation. And we can also see it is significantly
different from the null model due to the ANOVA test.

Significance of our final model & parameters

The statistical results of our final model based on the Hoogvliet chain can be found in the table
on the right. When examining the F-statistic, F(11,174) = 54.63 (p < .001), we can see that our
final model is highly significant. Furthermore, the variables in our model explain 76.1% of the
variability in Unit Sales (R? = 0.78; Adj. R* = 0.76), indicating a good model fit (see Table A6).
Next, we examine the statistically significant predictors individually. The p-values of our
parameters are based on the bootstrapped version of our model treated for nonnormality.

e Price per Unit (Private Label): The price/unit index of Hoogvliet’s private label has a
significant positive effect on Unit Sales (p = .008), indicating that an x unit increase in the
price of private label lemonade leads to the unit sales for Raak lemonade to be multiplied
by x"%, In practice, this means that as Hoogvliet’s private label increases its price, Raak’s
unit sales also increase. Inversely, if the private label lowers its price, Raak might lose
sales.

e Price Promotion (with Feature advertising): Price promotion supported by feature
advertising has a significant negative effect on Unit Sales (p = .011), indicating that an x
unit increase in the usage of price promotion combined with feature advertising leads to
multiplying unit sales by x’*. As this variable is related to the price index when it
increases it implies a smaller discount. In practice, this means that when the price goes
up, even with feature advertising support, the sales would decrease. Vice versa, when the
discount grows supported by feature advertising the sales exponentially increase.

e Price Promotion (with Feature & Display advertising): Price promotion supported by
feature and display advertising has a significant negative effect on Unit Sales (p < .001),



indicating that an x unit increase in the usage of these marketing actions leads to Raak’s
unit sales being multiplied by x**. This implies the same effect as the one proposed by
the results of the previous variable. In essence, Raak’s sales are significantly augmented
by higher price discounts when those are supported by Feature & Display advertising.

e Lagged Unit Sales: The lagged unit sales have a significant positive effect on Unit Sales
(p = .012), indicating that an x unit increase in sales in previous periods leads to the unit
sales being multiplied by x”/*. In practice, this implies that the extent to which we did
well with our sales in the past will contribute to doing well in our current and future sales.

e Temperature: Our regression results show the temperature to have a significant positive
effect on Unit Sales (p < .001), indicating that an x unit increase in temperature will lead
to unit sales being multiplied by x**. In practice this showcases that as temperatures rise
and it becomes warmer, people will exponentially purchase more lemonade, suggesting a
seasonality effect. Inversely, it also means that people purchase a lot less lemonade when
temperatures fall. For example, if it is 32 degrees the sales equation is multiplied by
(273+20)** = 1.06e8. Meanwhile, if the temperatures are negative (-15 degrees), as in
winter, the multiplier is two times less (0.62e8).

e COVID Cases (Avg. per Week): The average weekly COVID cases have a significant
positive effect on Unit Sales (p = 0.006), indicating that x unit increase in COVID cases
leads to unit sales being multiplied by 7.00027". Considering the coefficient value being
close to 1, it shows that COVID has nearly no influence up to a certain number of weekly
cases, but once it surpasses a certain value the influence grows extremely large. To
illustrate, if there are 15,000 cases the unit sales are multiplied by 57.37. Now, if the
cases in the next week double to 30,000; the number with which unit sales are multiplied
grows t0 3290.87, a 57 times larger influence.

After examining the statistical validity of our final model and the individual parameters, it is
important to consider the face validity of our results, whether they are consistent with previous
research and a logical expectation of reality.

Face Validity

Firstly, we consider our result that an increase in the prices of Hoogvliet’s private label leads to
an increase in Raak’s sales. This is a well-documented effect in retail sales, where when
competitors increase their prices, demand for their own products goes up. This happens because
price-sensitive consumers who have no brand loyalty migrate to the less expensive option
(Pesendorfer, 2002). Furthermore, Van Heerde et al. (2003) found that approximately 33% of
unit sales increase due to promotion cannibalized from competitor brands, confirming the
relationship between the private label’s price and Raak’s unit sales.

Next, according to our model, price promotion combined with feature advertising and price
promotion combined with feature and display advertising affect unit sales positively. Previous
research, such as this by Woodside & Waddle (1975) has found that price discounts combined
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with point-of-sale advertising increased purchases even more than only advertising or price
promotion alone, which is also what our model suggests. We also consider the findings of
Sethuraman & Tellis (2002), who found that price promotions combined with advertising can
have both a positive and negative effect based on the role that advertising plays. For example,
advertising has a positive effect only when it is informative enough to increase consumer
response to promotions. Therefore, our findings might suggest that Raak’s advertising at
Hoogvliet is informative enough to consumers and therefore has a positive effect. Furthermore, it
is important to consider that the Raak does not do many discounts, in fact approximately 70% of
observations at Hoogvliet indicate no discount (see Figure A3). This aspect of our brand may
also influence the results of our model.

Next, we consider that our model indicated the significant positive effect of unit sales of previous
periods on current and future unit sales. According to Parsons et al. (1976) lagged sales are
related positively to current-period sales due to the effect of consumer inertia or loyalty. In
contrast, a meta-analysis of econometric models of sales by Tellis (1988), which combined 424
models from 42 studies yielded a negative effect of lagged sales on current sales, however, the
result was not significant (p = 0.12), making the face validity of our result likely.

Finally, we consider Temperature and COVID. Firstly, when it comes to lemonade and
temperature there is a long-standing literature showcasing the seasonal nature of lemonade sales
(Hoos, 1956). Our model also showcases this, indicating that Raak’s lemonade sales at Hoogvliet
increase, when temperatures rise. Next, our model showed a significant positive effect of COVID
Average cases per week on unit sales. We attribute this to the “panic buying” effect discovered
by the research of Eriksson & Stenius (2020) during the first months of the pandemic when
people were afraid of supplies not lasting and stockpiling lasting grocery items. Lemonade may
fall under this category as it does not spoil for a long time, making the panic buying effect likely
for lemonade, thereby resulting in a positive coefficient in our model.

Predictive validity

Predictive validity for Raak Model at Hoogvliet
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Judging by the plot above, we can see that our model fits well in the estimation sample, as well
as for the first 8 weeks in the validation sample, this partially proves that our model is robust in
the short term, but unfortunately not effective when given a longer period of time. Some possible
explanations can be derived from the following results of prediction error tests. APE has a high
negative value, which means after the first 8 weeks, the predictions go much higher than the y
value of data points in validation samples; ASPE, a measurement having large errors weighted,
reveals that there are quite a lot of data points in predictions after the first 8 weeks going beyond
the upper limit. Also, RAE and TheilsU results show that the predictive ability of our model still
yet needs to be improved. However, one possible reason why the prediction goes higher than
normally expected in the later stage might be due to the sample bias in COVID data, since our
model is mostly trained on weeks without COVID (before March 2020), therefore it is hard for
the model to adequately capture the effect in predicting future values. Especially since our model
was trained on the estimate sample that only includes COVID data with a maximum number of
weekly cases of 1,086 and where most values are even lower than 200. The validation dataset
could contain COVID data with more than 10,000 weekly cases, which can have a large impact
on the predicted values, while the actual values do not increase as much.

(Note: we did antilog transformation for both UnitSales fitted values and predictions, which is
also one of the reasons why APE, ASPE, and RASPE values are high.)

5. Conclusion & limitations

In the end, we decided on the final functional form after estimation and validation as follows.

S = a; PSPY PPLE  pf 183 prd1 Y pwo1 B3 gl otk piwolie pTdwolie g B9 (- 4 273)B101gCt gt
o with /=1,.., 7 chains, =1, .., 208 weeks
*  where

S, = sales of Raak at Chain i, in week £

a; = constant for Sales of Raak at Chain i

PS = price Slimpie at chain £ in week t

PPL = price Private Label at chain i in week t

pfl = price index if there is feature-only support at chain i, in week t

pfidl = price index ifthere is feature and display support at chain i in week t

pwol = price index if there is no support at chain i inn week ¢

fiwol = feature support but no price cut atchain i in week t

dweol = display support but no price cut at chain i in week t

fdwol = faature and display support but no price cut at chain i in week t

SL = Sales Lag of the Raak at chaini in week t

T = Temperature (not per chain)

€ = New covid cases (not per chain) in week t



































































































































































































