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Research Process

The iterative process taking us from raw data to insights.

L 2 3 4
Our Dataset Hierarchical Number of Clusters Preliminary to Final
Clustering Process Selection Hierarchical Solution
5 6 7
Segment preferences and Who are the people Non-Hierarchical
the Naming Convention behind the segment? Clustering Comparison
1/2
8 9
Non-Hierarchical Market Potential of
Sl e Environmentally-friendly cars

2/2




Our Dataset

/descriptive statistics

= Male Female

3 420 participants WS 52

Education

m Median Age: 48

6 Automobile Preferences

Other High-School PO *

20.2% -
High-School T **
21.2%

University
19.3%
e No profound correlgtlons found
17.4% between variables.
x Profession-oriented x* Theory-based * %% Non-university

See Appendix A-1
e |
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Hierarchical Clustering

/process

We used CPCC to choose which We used Average & Ward's linkage for the steps below
linkage method has the best fit to find the optimal number of clusters
Scree Plots

. Agglomeration
Linkage Methods) Dendrograms ) Schedules ) I ‘
e i — - ey

We used ANOVA and Tukey to check if clusters'’ We compared our Avg. & Ward cluster solutions
preferences differ significantly from each other to Random k-means to see which solution, at
and chose our final hierarchical cluster solution. what number of clusters is robust




Selecting the number of clusters

/preliminary decision process

We assessed the CPCC values for each linkage method and found

Link Method
bttt the highest two were for Average (0.54) & Ward's linkage (0.50).

We visually inspected dendrograms from the two aforementioned

Dendrograms
. methods and perliminarily estimated 5-7 clusters could be optimal.
Agglomeration The values in the agglomeration schedules of the two methods both
Schedules pointed towards 5 clusters, but Ward's was clearer in that regard.

Average Linkage Scree Plot Ward's Linkage Scree Plot

Scree Plots

©«
™
<
™
N
™
e
)
©
o
©
o

Cluster Distance

Number of clusters _
See Appendix A-2:5



Hierarchical Clustering

/preliminary to final solution

Comparing Avg. & Ward Comparing our Ward and Avg. solutions to Random K-means, we

to Random K-means found robustness in Ward with 6 clusters & Average with 5 clusters.
Do clusters differ on Next, we examined if the preferences between clusters differ significantly
their preferences? from each other. We found the Ward's clusters to have too much overlap

between preferences. On the other hand Average with 5-clusters had

ANOVAs & Tukey tests better defined and diverse clusters. This can be seen bellow.

Ward 6-Clusters Average 5-Clusters

Preference Overlap Preference Overlap*
5-1, 4-2, 6-3, 5-4 5-2, 5-4 The non-significant differences Final HC Solution
- N - g between clusters are reflected Average linkage

in the naming in the next slide. with 5 clusters

1'5' 2'3' 4'2, 4'3' 6'3 4'3' 5'1

Legend: Mileage/Range - Design - In-car Entertainment _

x €.9: 5-1 means the 5th and 1st clusters do not significantly differ on that particular preference

See Appendix A-6:7



What are the preferences of the segments?

/Naming Convention + Preferences per Segment

1-2 Adjectives + 1 Noun

Adj. 1 = most important preference

Adj. 2 = second most (if there are two)

Could reflect all preferences but mileage.

2 Noun = level of preference for mileage

Relative Levels: Pilgrims > Riders > Cruisers

(highest) (centralscore) (lowest)

Note: The only exception to the rule are the "Daily Riders" who have central or low preferences for most attributes.

Daily Riders

Central Mileage

Doesn't care about
anything except Comfort
and a little Power.

Entertained .

Eco-Pilgrims

# 1 Entertainment

High Mileage

Cares most of all other
groups about In-car
Entertainment.

Designer .
Ecoc ruisers

~ Design

Low Mileage

Cares most of all other
groups about a

fashionable car Design.

High S— .-

High Mileage

Cares most of all other
groups about Power and
beside mileage has no other
positive preference.

Cares most of all other
groups about Comfort.

See Appendix A-8



Who are the people behind the segments?

/5 Consumer Segments for Auto-preferences

Daily Riders

33% of sample

flior

+

rse) 59-68
68 & older

-

45%
26%

Theory HS | 33%
Other | 18%

4. Urban|33%

¢ s . Suburban | 28%

Mainstream in Sample

Entertained . Designer .
Eco-Pilgrims Eco-Cruisers

25% of sample 27%ofsample 10%ofsample 5% of sample

Blpss oo glf21% |§ 100% #

(=) 18-28|56% () 39-48|36% (o) 29-38 | 28% () 49-58 | 33%

29-38 | 26% 29-38 | 22% 39-48 | 28% 68 & older | 33%

’I University | 27% ’IHigher Edu | 25% sl Prof. HS | 73% ’I Other | 63%

g Other|22% N Other | 25% Theory HS [ 23% ™ University | 37%
_:.ﬂ_.gountryside | 45% gy Metropolitan | 65% .‘,_Q,_Qountryside | 48% _‘__&Qountryside 1 71%
f.--- Suburban | 36% A% Urban|29% /774N Urban|25% @ i Suburban | 29%

See Appendix A-9




Can we reproduce this result?

/Non-hierarchical Clustering /Combined K-means

Short answer: generally yes! (preference-wise)

H,gh e .-

Central Mileage High Mileage Low Mileage High Mileage

Slightly lower score for (
S[|g ht[y h|gher score for Mileage S Power. Lower score for Mlleage &

Design & Entertainment. Environment.

Slightly higher score for

Lower score for Mileage.
Comfort.

There are no score differences that are low/high enough to affect the top 2 preferences of segments
and therefore the overall characteristics of segments remain.

In the next slide we can see that the segments do begin to differ in demographics.

on georgedreemer.com © George Dreemel See Appendix A-10



Who are the people behind the segments?

/5 Consumer Segments for Auto-preferences

Daily Riders

25% of sample

fli 7

+

rse) 59-68
68 & older

90%
30%

ﬁTheory HS | 33%
W

All others similar %

Urban | 36%

Pl *.Suburban | 26%

Metropolitan | 25%
We can see the respondents have been distributed differently than with hierarchical clustering.

Entertained . Designer .
Eco-Pilgrims Eco-Cruisers

21% of sample 22%ofsample 16%ofsample 16% of sample

T R | SR 1 I T P

() 18-28 | 66% () 39-48 | 45% () 39-48|27% (s€) 49-58 | 34%

29-38 | 26% 29-38 | 27% 49-58 | 22% 59-68 | 30%
University | 27% % Prof. HS | 64% Other | 34%
3' vl 3‘ Oton[ 30% SI Lifra'c slumversity 31%
All others similar % All others similar % Theory HS | 27% Higher edu | 27%
.‘.ﬂ_._(;ountryside | 42% g Metropolitan | 71% “,_a,_gountryside | 54% _‘__&Qountryside | 37%
f...% Suburban.l| 26% <% Urban|17% #-—-x Suburban | 22% [<i——-% Suburban-B32%

See Appendix A-11
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Market potential of Eco-friendly cars

/based on our two clustering solutions

HC
Clustering

Solution 25% of sample 27%of sample 5% of sample

Clustering co-Pllgrims

Solution 21% of sample 22% ofsample 16% of sample

57%

59%

Considering nearly 60% of all respondents according to both clustering solution have shown a
preference for environmentally-friendly vehicles it is plausible to think eco-friendly cars have a great
market potential. Furthermore, it is important to note the age groups of these segments vary, so not

only younger generations (EEP) but also middle and older generations (DEC, CEP) show a preference.
Finally, the groups are diverse in terms of area of living as well as their education level.
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APPENDIX A-1

age

summary(herald.df) Min. :18.00
str(herald.df) “-uﬁnnhh______‘h“h*ilst Qu.:33.00
head(herald.df) Median :48.00
Mean TR 703

srd Qu.:62.00

Max. ¢ /v.00

ldply(herald.df, function(c) sum(c

=="1"))
ldply(herald.df, function(c) sum(c == ))
ldply(herald.df, function(c) sum(c =="3"))
=="4"))

ldply(herald.df, function(c) sum(c

h.cor <- cor(herald.

0.47

ggcorrplot(h.cor

hc.order

colors = ¢( » - ))



APPENDIX A-2.1

herald.hc.single <- hclust(herald.daisy, methods= )

plot(herald.hc.single)

herald.agglo.single <- cbind(as.data.frame(herald.hc.single[1]),as.data.frame(herald.hc.single[2]))
herald.agglo.single

cor(cophenetic(herald.hc.single), herald.daisy)

herald.hc.complete <- hclust(herald.daisy, method= )

plot(herald.hc.complete)

herald.agglo.complete <- cbind(as.data.frame(herald.hc.complete[1l]),as.data.frame(herald.hc.complete[2]))
herald.agglo.complete

cor(cophenetic(herald.hc.complete), herald.daisy)

herald.hc.avg <- hclust(herald.daisy, method= )

plot(herald.hc.avg)

herald.agglo.avg <- cbind(as.data.frame(herald.hc.avg[1l]),as.data.frame(herald.hc.avg[2]))
herald.agglo.avg

cor(cophenetic(herald.hc.avg), herald.daisy)

1
~—

herald.hc.centroid <- hclust(herald.daisy, method
plot(herald.hc.centroid)

herald.agglo.centroid <- cbind(as.data.frame(herald.hc.centroid[1]),as.data. frame(herald.hc.centroid[2]))
herald.agglo.centroid

herald.daisy)




APPENDIX A-2.2

#### Centrold Linkage ----
herald.hc.centrold <- hclust(herald.daisy, method="centroid")

plot(herald.hc.centroid)
herald.agglo.centroid <- cbind(as.data. frame(herald.hc.centroid[1]),as.data.frame(herald.hc.centroid[2]))

herald.agglo.centroid
cor(cophenetic(herald.hc.centroid), herald.daisy)

#it##t Ward's Linkage
herald.hc.ward <- hclust(herald.daisy, method="ward.D2")
plot(herald.hc.ward)

herald.agglo.ward <- cbind(as.data.frame(herald.hc.ward[1]),as.data.frame(herald.hc.ward[2]))

herald.agglo.ward
cor(cophenetic(herald.hc.ward),6 herald.daisy)

#CPCC = 0.4991169



APPENDIX A-3.1 —

DENDROGRAM: AVG. LINKAGE 5 CLUSTERS




APPENDIX A-3.2

DENDROGRAM: AVG. LINKAGE 6 CLUSTERS Cluster Dendrogram




LINKAGE 5 CLUSTERS

APPENDIX A-3.3

DENDROGRAM: WARD



6 CLUSTERS

LINKAGE

G _______
oooooooooooo

APPENDIX A-3.4



APPENDIX A-4

AGGLOMERATION SCHEDULES:

AVERAGE LINKAGE WARD LINKAGE

herald.agglo.avg[409:419, ] herald.agglo.ward[



APPENDIX A-5.1

SCREEPLOTS: AVERAGE LINKAGE

34

Scree Plot of Avg. Linkage

clusters

10

11



APPENDIX A-5.2

SCREEPLOTS: AVERAGE LINKAGE

30

10

Scree Plot of Ward's Linkage

11



APPENDIX A-6.1

ROBUSTNESS CHECK: AVERAGE LINKAGE MEAN VALUES (5 &6 CLUSTERS)

herald.hc.avg.segb <- cutree(herald.hc.avg, k=5)
herald.hc.avg.mean5 <- seg.summ(herald.df_s[,c(7:12)], herald.hc.avg.seg5)

herald.hc.avg.meanb

herald.hc.avg.segé <- cutree(herald.hc.avg, k=6)
herald.hc.avg.meané <- seg.summ(herald.df_s[,c(7:12)], herald.hc.avg.segb)
herald.hc.avg.meané



APPENDIX A-6.2

ROBUSTNESS CHECK: WARD LINKAGE MEAN VALUES (5 &6 CLUSTERS)

herald.hc.ward.seg5 <- cutree(herald.hc.ward, k=5)
herald.hc.ward.mean5 <- seg.summ(herald.df_s[,c(7:12)], herald.hc.ward.seg5)

herald.hc.ward.meanb

herald.hc.ward.segé <- cutree(herald.hc.ward, k=6)
herald.hc.ward.meané <- seg.summ(herald.df_s[,c(7:12)], herald.hc.ward.segé)
herald.hc.ward.meané



APPENDIX A-6.3

ROBUSTNESS CHECK: RANDOM SEED K-MEANS (5 &6 CLUSTERS)

set.seed( 32902321)

herald.nhc.rsk5 <- kmeans(herald.df_s[,c(7:12)] enters=!
seg.summ(herald.df_s[,c(7:12)], herald.nhc.rsk5$ er)
set.seed( 2902321)

herald.nhc.rské <- kmeans(herald.df_s[,c(7:12)]
seg.summ(herald.df_s[,c(7:12)], herald.nhc.rské$cluster)



APPENDIX A-7.1.1

DIFFERENCES CHECK: ANOVA & TUKEY (AVERAGE LINKAGE /W 5 CLUSTERS)

h.aov.avg5.mileage <- aov(mileage ~ clusmembers.avgb, data = herald.aovbase.avg5)
summary(h.aov.avg5.mileage)

TukeyHSD(h.aov.avg5.mileage)

h.aov.avg5.power <- agov(power ~ clusmembers.avg5, data = herald.aovbase.avg5)
summary(h.aov.avg5.power)

TukeyHSD(h.aov.avg5.power)

h.aov.avg5.design <- aov(design ~ clusmembers.avgb, data = herald.aovbase.avg5)
summary(h.aov.avg5.design)

TukeyHSD(h.aov.avg5.design)

h.aov.avg5.comfort <- aov(comfort ~ clusmembers.avg5, data = herald.aovbase.avg5)
summary(h.aov.avg5.comfort)
TukeyHSD(h.aov.avg5.comfort)



APPENDIX A-7.1.2

DIFFERENCES CHECK: ANOVA & TUKEY (AVERAGE LINKAGE /W 5 CLUSTERS)

h.aov.avg5.entertainment <- aov(entertainment ~ clusmembers.avg5, data = herald.aovbase.avg5)
summary(h.aov.avg5.entertainment)
TukeyHSD(h.aov.avg5.entertainment)

h.aov.avg5.environment <- aov(environment ~ clusmembers.avg5, data = herald.aovbase.avg5)

summary(h.aov.avg5.environment)
TukeyHSD(h.aov.avg5.environment)



APPENDIXA-7.2.1

DIFFERENCES CHECK: ANOVA & TUKEY (WARD LINKAGE /W 6 CLUSTERS)

h.aov.wardé.mileage <- aov(mileage ~ clusmembers.wardé, data = herald.aovbase.wardb)
summary(h.aov.wardé.mileage)
TukeyHSD(h.aov.wardé.mileage)

h.aov.wardé.power <- aov(power ~ clusmembers.wardé, data = herald.aovbase.wardé)
summary(h.aov.wardé.power)
TukeyHSD(h.aov.wardé.power)

h.aov.wardé.design <- aov(design ~ clusmembers.wardé i'ta = herald.aovbase.wardé)
summary(h.aov.wardé.design)
TukeyHSD(h.aov.wardé.design)

h.aov.wardé.comfort <- aov(comfort ~ clusmembers.wardé lata = herald.aovbase.wardé)
summary(h.aov.wardé.comfort)
TukeyHSD(h.aov.wardé.comfort)



APPENDIXA-7.2.2

DIFFERENCES CHECK: ANOVA & TUKEY (WARD LINKAGE /W 6 CLUSTERS)

h.aov.wardé.entertainment <- agov(entertainment ~ clusmembers.wardé, data = herald.aovbase.wardé)
summary(h.aov.wardé.entertainment)

TukeyHSD(h.aov.wardé.entertainment)

h.aov.wardé.environment <- gov(environment ~ clusmembers.wardé, data = herald.aovbase.wardé)
summary(h.aov.wardé.environment)

TukeyHSD(h.aov.wardé.environment)



APPENDIX A-8

CLUSTER PREFERENCES OF FINAL HCSOLUTION + NAMING



APPENDIX A-9.1

CLUSTERDEMOGRAPHICS OF FINAL HC SOLUTION: RESPONDENTS PERCLUSTER

hcsolution.size <- herald.hcsolution.df %>%
group_by(cluster_name) %>%
summarise(n.respondents = n()) %>%
mutate(respondents.percent = formattable::percent(n.respondents / sum(n.respondents)))

print(as.data. frame(hcsolution.size))



APPENDIX A-9.2

CLUSTERDEMOGRAPHICS OF FINAL HC SOLUTION: GENDER PER CLUSTER

hcsolutlion.gender <- herald.hcsolution.df %>%
group_by(cluster_name,gender_string) %>%
summarise(n.respondents = n()) %%

mutate(respondents.percent = formattable::percent(n.respondents / sum(n.respondents)))

print(as.data.frame(hcsolution.gender))

= —d - bl =



APPENDIX A-9.3

CLUSTERDEMOGRAPHICS OF FINAL HC SOLUTION: AGE PERCLUSTER

hcsolution.agegroup <- herald.hcsolution.df %>%
group_by(cluster_name, age_group) %>%
summarise ( ts = n()) %%

mutate( _ formattable: :percent(n.respondents / sum(n.respondents)))

print(as.data.frame(hcsolution.agegroup))



APPENDIX A-9.4

CLUSTERDEMOGRAPHICS OF FINAL HC SOLUTION: AREAPERCLUSTER

hcsolution.area <- herald.hcsolution.df %>%
group_by(cluster_name,area_name) %>%
summarise(n.res nts = n()) %>%
mutate(re lents.percent = formattable::percent(n.respondents / sum(n.respondents)))

print(as.data.frame(hcsolution.area))



APPENDIX A-9.4

CLUSTERDEMOGRAPHICS OF FINAL HC SOLUTION: EDUCATION PERCLUSTER

hcsolution.edu <- herald.hcsolution.df %>%
group_by(cluster_name,education_name) %>%
summarise(n.re ents = n()) %%
mutate(resi - .percent = formattable::percent(n.respondents / sum(n.respondents)))

print(as.data.frame(hcsolution.edu))



APPENDIXA-10

CLUSTER PREFERENCES OF FINAL NHC SOLUTION (VS. OF HC MEANS)

seg.summ(herald.df_s[,c(7:12)], herald.nhc.k5$




APPENDIX A-11.1

CLUSTERDEMOGRAPHICS OF FINAL NHC SOLUTION: RESPONDENTS PERCLUSTER

nhcsolution.size <- herald.nhcsolution.df %>%
group_by(cluster_name) %>%
summarise(n.respondents = n()) %>%

mutate(respondents.percent = formattable::percent(n.respondents / sum(n.respondents)))

print(as.data. frame(nhcsolution.size))



APPENDIX A-11.2

CLUSTERDEMOGRAPHICS OF FINAL NHC SOLUTION: GENDER PERCLUSTER

nhcsolution.gender <- herald.nhcsolution.df %>%
group_by(cluster_name,gender_string) %>%
summarise(n.respondents = n()) %>%
mutate(respondents.percent = formattable::percent(n.respondents / sum(n.respondents)))

print(as.data. frame(nhcsolution.gender))



APPENDIX A-11.3

CLUSTERDEMOGRAPHICS OF FINAL NHC SOLUTION: AGEPERCLUSTER

nhcsolution.agegroup <- herald.nhcsolution.df %>%
group_by(cluster_name, age_group) %>%
summarise/( ts = n()) %>%

mutate( . = formattable: :percent(n.respondents / sum(n.respondents)))

print(as.data.frame(nhcsolution.agegroup))



APPENDIX A-11.4

CLUSTERDEMOGRAPHICS OF FINAL NHC SOLUTION: AREAPERCLUSTER

nhcsolution.area <- herald.nhcsolution.df %>%
group_by(cluster_name,area_name) %>%
summarise(n.re ents = n()) %>%

mutate(resi ents.percent = formattable::percent(n.respondents / sum(n.respondents)))

print(as.data. frame(nhcsolution.area))



APPENDIX A-11.4

CLUSTER DEMOGRAPHICS OF FINAL NHC SOLUTION: EDUCATION PERCLUSTER

nhcsolution.edu <- herald.nhcsolution.df %>%
group_by(cluster_name,education_name) %>%
summarise(n. ents = n()) %%

mutate( - t = formattable::percent(n.respondents / sum(n.respondents)))

print(as.data. frame(nhcsolution.edu))
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