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Introduction
B s a» cxpert in the area of selling large international brands, regional
brands, niche brands and exclusive brands. 's goal is simple: A shopping experience

that makes families happy.
During the first assignment we translated -’s management dilemma into a research
question as follows:

Management dilemma:

ihas discovered volatility in customer behaviour like sales, visits and conversion in the
category beachwear. Of course, this is partially due to seasonal influences. One interesting
relationship is still uninvestigated: the influence of the daily temperature. Of course, the
behaviour of customers is also affected by other factors like customer background variables
(age, gender), their search behaviour, their browsing behaviour, and so on.

Management question:
How can increase the conversion rate for the beachwear category?

The aggregation in our analysis has been done on the session level.

Research question:
What are the drivers for the conversion rate?

Based on the research question, we formed sub-questions which led us to hypotheses as follows:

1. Who has a high conversion rate?
H1: Mobile website customers have a lower conversion rate than regular websites.
H2: Women between the ages of 18 to 25 have a higher conversion rate than other
customer segments.

For the second hypothesis. we do not have access to the age of the customers. therefore it
could not be tested with distinction for age, only gender.

2. What effect do product characteristics have on conversion rate?
H3: Customers with a bigger price range have a higher conversion rate.

3. When are conversion rates the highest?
H4: Weekend customers have a higher conversion rate (source: Bhargava et al., 2011).

4. What effect do external factors have on conversion rates?
HS: The COVID-19 pandemic had a positive impact on the conversion rate.

In this paper, we use several statistical techniques such as the Kolmogorov-Smirnov test,
Wilcoxon rank sum test, Kruskal-Wallis test, and simple linear regression, in order to obtain
initial answers to our hypothesis.
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Data description

In this section, we mainly discuss the data set used in our analysis and provide some initial

insights into its structure. The data set was created by combining the data provided by

with weather data and covid data and consists of 168893 observations with 30 variables.

The weather data has been acquired from the following website:

https://www.knmi.nl/home

and the Covid data from:

hitps://github.com/CSSEGISandData/COVID-19/tree/master/csse_covid 19 data/csse _covid 19
time_series

T (ks o i e oo

For our analysis, we have incorporated a total of # variables from the - data and #
variables from external sources, such as A, B and C. In the following section, we will break
down the meaning and method of creating our variables.

Firstly, from the customer table. we have created:

® Age (age), which is the customer’s age. We calculated this by subtracting the existing
birth_year variable from the current year. (note: - source data does not include
age, therefore this variable is *122° for all customers)

e Relationship length (relationship length), which is a measure of the duration of a
customer’s relationship with ﬁé’ We calculated this by subtracting the existing
start year variable from the current year.

e Two gender dummy variables (male u & female), the first showcasing if the customer is
a male or other, while the second showcasing if the customer is a female. Both utilise the
existing sex variable, with male_u being “1°, when sex is equal to *“M” or “U’, otherwise
‘0°. While female is *1° when sex is “F", otherwise ‘0°. Thereby using the CASE WHEN
statement.

Next, from the article events table we have created conversion rate per customer, in the
following way:

e First, we have created the number of sessions variable (n_sessions) by counting the
unique session id's and saving the number as float in the n_sessions variable, thereby
using the CAST() and COUNT() functions.

e Next, we have created the number of sales per session variable (n sale sessions) by
counting the unique session_id’s, where the article_event_type is “40°, which is the
number code for sale. We did this using WHERE and specifying article _event type
should equal forty.

e We have then used the above-described variables to create conversion rate per
customer (conversion rate). To do this we have divided the number of sales per session
by the number of sessions and saved this per customer.
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Next, to create the favourite channel variable (fav_channel) per customer from the order table,
we have executed the following steps:

e First, we have created the number of uses variable (#_wuses), which describes how many
times a channel has been used by a customer. We calculated this by running a COUNT()
command on the existing variable channel.

e Next, we have created the maximum number of uses variable (max wses), which
showcases the number of uses that is highest for that customer. To calculate it we ran a
MAX() command on n_uses.

e Then, we create a new variable fav channel by filtering n uses by max uses. The new
variable signifies the channel that has been used most by that customer, their favourite
channel. Thereby, making use of INNER JOIN and especially indicating n wuses should
equal max uses.

e Finally, if the fav channel is null, we assign “no_orders”. Thereby using a CASE WHEN
statement.

Next, to create the favourite article group variable (fav art group) from the order table, we
execute the following steps:

e First, we created the total number of purchases per subcategory (n_purchases). We
calculated this using the existing variable ifems, running a SUM() command on items.
Also while LEFT JOIN-ing the article table.

e Next, we create max_purchases by running MAX on n_purchases in a subquery.
However, to avoid ties we identify the subcategory with the lowest n_purchases, using
MIN(). Finally, with the subquery. we also make sure to keep only the n_purchases equal
to max_purchases.

e Finally, to create fav_art group we use a CASE WHEN, where we make sure NULLs are
recorded as ‘no_purchases’, otherwise it’s equal to the sub category name associated
with max_purchases.

Next, we created the lowest and highest price variables from the orders table, we executed the
following steps, by using MIN() and MAX() on the existing sales amount variable to create
min_price and max_price respectively.

So far we have been creating variables at customer-level aggregation. however, for our final
table, we work on the session level. This is why we need to add all of the above variables to a
new table with the key variable session_id. Furthermore, we rename all of the above variables by
adding “cust_" to the name, as to distinguish them from the variables we will create next on the
session level, such as conversion rate. views, and sale dummy per session, which we describe
below.

Firstly, we create the conversion rate per session variable, through the following steps:

e Initially, we get the base information needed with a series of CASE WHEN statements
combined with SUM functions at article event type from the article events table to
create dummy variables for each article event type - type 10, type_20, type 30, type 40,

fype 50.
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e Next, we do the conversion rate calculation with the help of a multilevel CASE WHEN
statement, accounting for the possibility of fype /0 and rype_40 being 0 together, one
being 0 or neither being 0, thereby adjusting the way conversion rate session is
calculated. All this is then multiplied by 100 to create the conversion rate in a session.

e Finally, we noticed that the above calculations sometimes return a value for
conversion_rate_session higher than 100. We have addressed this with a CASE WHEN
statement assigning 100 to any conversion_rate_session value higher than 100 while
keeping the original value if it is lower than or equal to 100.

Next, we create a dummy variable that indicates if the session had a sale or not
(session_sale_dummy). We do this by checking if article_event_type being *40° (sale) is true, in
which case we assign session_sale_dummy a value of ‘1°, otherwise ‘0", thereby using a CASE
WHEN statement,

Next, we create n_session views, which indicates the number of product views in a session.
We do this by summing up all of the times arficle_event_type is “10° (view). This is achieved
with SUM and a CASE WHEN statement assigning ‘17 when article event type is *10°. We
employ the same set of functions to create the number of sales in a session variable
(n_session sales), except the CASE WHEN statement now assigns *1° when article event type
is *40° (sale).

Finally, we create two dummy variables indicating customer loyalty. The first variable
(loyal _sale dummy) measures loyalty through sales, namely a customer is considered loyal if
they have made a purchase in May, June and July. The second variable (loyal session_dummy)
measures loyalty through sessions, whereby we label a customer as loyal if they have had a
session in May. June and July. This is achieved through the following steps:

e Initially, we need to create variables indicating whether a customer had a session and sale
during each of the six months we have data (January through July) from article events
table. For each month with the help of a SUM() and CASE WHEN statements targeting
article_event_type ‘40°, we calculate the total sales a given customer has in that month.
This creates n jan sale, n feb sale and so on, until July. With a COUNT function, we
create a variable indicating the number of sessions the customer had in that month,
creating n_jan_custsessions, n_feb custsessions and so on, until July. We run these two
queries for each month separately and target that specific month with WHERE
article_event_date is BETWEEN the dates of that month.

e Finally, we use the above-created variables for sales in a CASE WHEN statement
assigning a ‘1" to loyal sale_dummy, if n_may sale, n_jun_sale and n_jul _sale are more
than zero. We employ the same method to create loyal session dummy but instead assign
it a “1" if n_may_custsessions. n_jun_custsessions and n_jul_custsessions are more than
Zero.

The above-described variable creation efforts resulted in the following variables for the final

I
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Motivation of the manner in which we combined the data sources

All of the above-described variables were combined in one session-level aggregated table and

imported into

R. There we combined it with weather and COVID data, which we have

accomplished through the following steps:

e First, we loaded the COVID data, which we acquired from a Github repository. Since this
data includes other countries, we make sure to only get data applicable to our

dataset
needed

- The Netherlands. Next, we transposed the data and excluded variables not
for our analysis, such as province, country, latitude and longitude, keeping

covidcases (number of covid cases on a certain date).

8]

o

We created a date variable by extracting the date from the row names with RegEx
and used as.Date() to convert the string into a date object.

We created the NewCovidCases variable with the diff() function, showcasing the
difference in the number of cases between a given day and the day before.

Note on Outlier: Here we found an extreme outlier. We dealt with it by assigning
any value above ‘150000°, the maximum NewCovidCases value that is less than
*150000°, essentially capping this variable to that value.

Next, we created the Week variable indicating the amount of seven-day periods
that have occurred since the beginning of the year. in other words, it shows which
week it is. To calculate this we use the command week(). which we run on date.
Next, we create WeekAverageCovid, which showcases the average number of
COVID cases in a certain week.

Next, we create the wday variable, which indicates the day of the week
(1=monday...7=sunday). We achieve this by using the function wday().

Next, using the wday variable in an ifelse() short statement, we create
weekend dummy. which has a value of *1" if wday is equal to 6 or 7.

Finally, using the weekend dummy variable in an ifelse() short statement, we
create week dummy, which is assigned a value of *0°, when weekend dummy is 1.

e Second, we loaded our weather data, which we acquired from KNMI. We have adjusted
the data to our needs by aggregating the data to date. This will later be useful to assign
weather parameters to each session based on its date. Besides dare we keep the following
variables:

o

0 O0O0O0O0

windspd: daily mean windspeed (in 0.1 m/s)

temp: daily mean temperature (in 0.1 degrees Celsius)

sun_duration: sunshine duration calculated from global radiation (in 0.1 hours)
perc_max_sunduration: percentage of max. potential sun duration
rain_duration: precipitation duration (in 0.1 hours)

rain_amount: daily precipitation amount (in 0.1 mm)

cloud cover: mean daily cloud cover (in octants; 9=sky invisible)
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Next, we combined this data with our COVID data described earlier using merge() on date,
creating a new data frame containing all of our external data aggregated on the date level,
resulting in the following variables for the final external data table:

Finally, we combined our - data and newly created external data df.. merging on
session_date and date to create our final data frame, ready for analysis.

s v lev
Once we had our combined data frame ready, we explored some key descriptive statistics:

e Mean of Week/Weekend: 71.2% of sessions during the week / 28.8% during the weekend
Mean of Session Sale Dummy: 10.6% of sessions have a sale
Mean of Session Conv. Rate: 5.36% average session conversion rate
Mean of Relationship Length: 11 years average relationship length
Min Customer Last Order Date: the oldest order in our dataset happened on 2007-07-25
Mean Customer Min. Price: the average lowest price customers would pay is €26.65
Mean Customer Max. Price: the average highest price customer would pay is €48.74
Mean Number of Views per Session: on average customers view 4-5 product pages
The standard deviation of Customer Max. Price: ~23.11. relatively high. Suggests max.
price is spread out and customers differ on their max. price preference.
The standard deviation of Customer Min. Price: ~15.40, relatively high. Suggests min.
price is spread out and customers differ on their min. price preference.

Description of how we identified and remedied missing observations and outliers

Afterwards, we made sure to check for outliers. We did this by generating boxplots for our
variables and did not find any significant outliers that required intervention.

To check for missing observations we ran md.pattern(). Inspecting the patterns with missings, we
see that 51.386 observations have two missing values, namely for minimum/maximum price
values, this is noteworthy because these customers have purchased, therefore should have a
minimum and maximum price. After consultation with our instructor team, we learned this is due
to an irregularity in the data. Next, 470 observations have 3 missing values, namely
minimum/maximum price and last order date. This is a logical occurrence, as these are the
customers who have not placed an order. We will not impute these missings, as these customers
are not of interest to our analyses, because they have not converted within our data’s timeframe.

Next, we have 37.544 observations with 10 missing values. We have found that this is explained
by the anomaly of customer — who exists in
Wehkamp's customer table, but not in the session table. As many key values are missing for
these observations we will not impute them or include them in the analyses. Finally, we can see
that 79.493 observations have no missing values, which is a sufficient sample size for the
analyses.

Analyses & Results

To answer our subquestions, we ran tests investigating the effect of multiple key characteristics
as driver variables and session conversion rate as our KPI.
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We divide the analyses and result reporting per subquestion. After each report we also indicate
whether we have confirmed or rejected the corresponding hypotheses:

1. Who has a high conversion rate?

We started with gender, namely whether females or males have a higher session conversion rate.
We investigated through the following process:

e We first performed the one-sample Kolmogorov-Smirnov test, on our continuous KPI
variable, session conversion rate. Our test resulted in a test statistic for the variable
session conversion rate equal to 0.5, p<.001. Since the p-value is less than .05, we can
reject the null hypothesis. We have sufficient evidence to say that the data does not come
from a normal distribution.

e In the next step, as our KPI is numerical and our driver is categorical (k=2), we used the
nonparametric test, the Wilcoxon rank sum test, for comparing two independent groups
of samples. Performing the test returned the following results: W = 704422978, p<.001.
Since the p-value is less than .05, we can reject the null hypothesis, concluding that the
difference between females and males in their conversion rate is significant.

Next, we wanted to test if more loyal customers have a higher session conversion rate. As
mentioned earlier we have two indicators for loyalty - one based on sales and the other on
sessions, therefore we performed two sets of analyses. As we have already checked the normality
of session conversion rate and found it to be non-normally distributed, we perform the Wilcoxon
rank sum test for each loyalty metric:

e Performing the test for loyalty based on sales returned the following results:
W=115210767, p<.001. Since the p-value is less than .05, we can reject the null
hypothesis, concluding that there is a significant difference in the conversion rates of
loyal customers based on sales and non-loyal customers.

® Performing the test for loyalty based on sessions returned the following results:
W=1722959233, p<.001. Since the p-value is less than .05, we can reject the null
hypothesis, concluding that there is a significant difference in the conversion rates of
loyal customers based on sessions and non-loyal customers.

Next, we investigate whether relationship length influences session conversion rate. As
relationship length is a continuous variable, we have opted for simple linear regression. After
performing the analysis we found that:
e The overall regression model was statistically significant (Adjusted R’=0.0001585,
p<.001)
® Relationship length is significant (p<.001) with a positive estimate value, concluding that
relationship length has a significant positive influence on conversion rate.

We were also interested if favourite channel has an impact on session conversion rate. As we
have already checked the normality of the session conversion rate and found it to be
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non-normally distributed, as well as favourite channel being a categorical driver (k>2), we
perform the Kruskal-Wallis test. The test returned the following results:
o KW chi-squared=22408, p<.001, thereby indicating a significant difference in conversion
rate among favorite channels.

Additionally, we investigated specifically which channel has a higher mean session conversion
rate. To do this we used a proprietary function (seg.summ), which splits the data by reported
groups. In our case, we calculated the mean conversion rate per channel. We found the mean
conversion rate to be highest for website sessions, compared to mobile and offline.

Next, we also investigated if favourite article group has an impact on session conversion rate.
Here we performed the Kruskal-Wallis test based on the same reasoning as for favourite
channel. The test returned the following results:
e KW chi-squared=22814, p<.001, thereby indicating a significant difference in conversion
rate among favorite article groups.

Additionally, we investigated specifically which article group has a higher mean session
conversion rate. To do this we employed the same function as for our investigation on channels.
Based on our results we composed the following top 5 ranking of mean conversion rate per
article groups: (1) Ladies Fashion Brands - Tops, (2) Ladies Fashion Brands - Other, (3) Telstar,
(4) Boys Fashion Brands, (5) Desigual. Based on insufficient data we excluded “Girls Fashion
Brands™, which had a disproportionately higher score than all other article groups.

After considering these findings we confirmed H1: Mobile website customers have a lower
conversion rate than on regular websiles, as our analysis indicated website customers have a
higher mean session conversion rate than mobile customers.

Due to the limitations of the Wilcoxon rank sum test we partially confirm our H2: Women
between the ages 18 to 25 have a higher conversion rate than other customer segments, as our
results show women and men have different session conversion rates, however, we cannot infer
if one is higher than the other.

2. What effect do product characteristics have on conversion rate?

First, we investigated the influence of price on session conversion rate. In our data, we have two
measures for price - min. price and max. price. As both of our price measures are continuous
variables. we have opted for simple linear regression. After performing the analysis we found
that:
e The overall regression model was statistically significant (Adjusted R*=0.000571,
p<.001)
® Minimum price is significant (p<.001) with a negative estimate value, indicating a
significant negative effect of min. price on conversion rate. Therefore, the lower the
minimum price of the product, the higher the conversion rate.
® Maximum price is insignificant (p=0.978).
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Next, we wanted to see whether the number of sales or views has a more significant effect on
session conversion rate. To investigate this we employed a simple linear regression, as both our
KPI and two drivers are continuous variables. After performing the analysis we found that:
e The overall regression model was statistically significant (Adjusted R?=0.3669, p<.001)
® Number of views is significant (p<.001) with a negative estimate value, indicating a
significant negative effect of number of views on conversion rate. Therefore, a customer
viewing more pages on the site has a negative effect on conversion rate. We interpret this
as ‘window shopping’ and perhaps that people who are viewing a lot of product pages are
there to look around and not to deliberately buy. Furthermore, this might also be a case of
“hedonic browsing”™ (Zheng et al., 2019)".
® Number of sales is significant (p<.001) with a positive estimate value, indicating a
significant positive direction of the effect of numbers of sales on conversion rate. This is
a logical phenomenon, as number of sales is part of the calculation of conversion rate in
the numerator.

We have been able to confirm H3: Customers with a bigger price range have a higher
conversion rate, as our regression results have shown that as the minimum price goes down the
conversion rate increases and vice versa. It is noteworthy that we were unable to confirm if the
same holds when the maximum price changes, therefore we can only confirm our hypothesis for
the lower part of the price range.

3. When are conversion rates the highest?

Here, we investigated whether session conversion rate is influenced by the time of the week -
distinguishing between week-weekend through the variable weekend dummy. As we have already
checked the normality of session conversion rate and found it to be non-normally distributed, we
performed the Wilcoxon rank sum test and got the following results:
e Performing the test returned the following results: W = 2981356267, p<.001, therefore
we can reject the null hypothesis. concluding that there is a significant difference in the
session conversion rates during the week and weekend.

After considering these findings, due to limitations of the test, we partially confirm H4:
Weekend customers have a higher conversion rate, as our results show a significant difference
between week and weekend conversion rates, however, we cannot infer if it is higher.

4. What effect do external factors have on conversion rates?

First, we investigated whether session conversion rate is influenced by the average amount of
new COVID cases in the week of the session. As both session conversion rate and new COVID
cases are continuous variables, we have opted for simple linear regression. After performing
the analysis we found that:
® The overall regression model was statistically significant (Adjusted R*=0.0.0002187,
p<.001)

! Zheng, X., Men, J., Yang, F., & Gong, X. (2019). Understanding impulse buying in mobile commerce: An
investigation into hedonic and utilitarian browsing. International Journal of Information Management, 48, 151-160.
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® Average new weekly COVID cases is significant (p<.001) with a negative estimate value,
indicating a significant negative direction of the effect of new COVID cases on session
conversion rate. Therefore, the more COVID cases the lower session conversion rate is.

Finally, we investigated how weather variables affect session conversion rate. We focus on
temperature, wind speed, sun duration and rain duration. As all of these are continuous
variables, we opted for simple linear regression. After performing the analysis we found that:

e The overall regression model was statistically significant (Adjusted R*=0.00008954,
p<.001)

o Temperature is marginally significant (p=0.0783) with a positive estimate value,
indicating a possible positive direction of the effect of rtemperature on session conversion
rate. Therefore, it is possible that when the remperature goes up, session conversion rate
also goes up.

® Wind speed, sun duration and rain duration were all insignificant (respectively:
p=0.2159; p=0.1507; p=0.7066).

After considering these findings we rejected HS: The COVID-19 pandemic had a positive
impact on the conversion rate, as our regression results have shown a significant negative impact
of new covid cases on the session conversion rate.

Additionally, although not one of our hypotheses, we found that weather factors do not have a
statistically significant effect on session conversion rate, besides temperature, which is
marginally significant (p=0.0783).

Managerial Insights

The purpose of this report is to find out what are the drivers of the conversion rate on the session
level and obtain initial answers to our research question.

Based on our analysis, we were able to find that the session conversion rate is driven by multiple
indicators such as the gender of the customer. his/her lovalty, and favorite channel. One
important factor to mention is that the longer the relationship length of a customer, the higher
will be the session conversion rate. We also saw that the big majority of people prefer using the
website channel when shopping from

Other indicators worth menuomng are the number of views and sales. Notice that the more time
customers spend on viewing the articles, the less likely they are to actually buy them. In contrast,
when the number of sales goes up, the conversion rate will follow as well.

We also took into consideration how external factors might affect the session conversion rate.
Therefore, we conclude that the COVID-19 pandemic had a significant impact on the conversion
rate. More specifically, when the number of COVID cases is increasing, the conversion rate is
decreasing.

Lastly, we saw that temperature is marginally significant, meaning that when it goes up, there is a
possibility that also the conversion rate will go up.

To conclude, understanding the drivers of our KPI - the session conversion rate is vital in order
to be able to assess customer behaviour and based on it, make decisions on how to increase the
number of sales and provide the best shopping experience.














































































