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What we can do for you

1.

Make suggestions on genres for new movies for
targeted age groups

Give insights into which genre combination could
provide unique opportunities for new movies

Provide marketing opportunities by reaching the
most active users in their workplace

Help people discover new genres

Recommend new theme park rides by determining
most popular movie for a selected age group




zr?;?yssi e The data comes from https://movielens.org,
which offers non-commercial, personalized
movie recommendations.

e [wo datasets combined:

e Main dataset: demographic information on
the user, rating given to movie and genre
that movie belongs to

e Average rating per genre: every user has an
average rating per genre in this dataset
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Data @) .
Preparation

N

main_data_set.csv Table TTIe Empty Ratings
Outliers Age Select Empty Ratings Filter
; Table
25 Fields age
\
erge Sort Filler Partition

O —-@0—-0—-0-6
R N
=) N

20 Fields Table Table Qutliers
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Want to create a movie that
can break the box office?
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Current popular genre
for popular movie
watching age group

rating_Mean 'rating_Count|Comedy | Drama |Romance |
0.834 4044 0 1 0
0.748 2595 1 0 0
0.824 1481 0 1 1
0.713 1457 1 0 1
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' One Big Question
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Drama + Romance Romance + Comedy
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Business goal 01
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Business goal 02
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Preparation
P ———

N Movies Unkown|Action|Adventure|Animation|Chi|drens|Comedy|Crime|Documentary|Drama Fantasy| Film-Noir | Horror MusicaI|Mystery|Romance Sci-Fi| Thriller | War | Western |
1 63 0 0 0 0 0 0 0 0 1 0 0 0 0 0 1 0 0 0 0
2 61 0 0 0 0 0 1 0 0 0 0 0 0 0 0 1 0 0 0 0
3 52 0 0 0 0 0 1 0 0 1 0 0 0 0 0 0 0 0 0 0
4 29 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 1 0 0
5 25 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0
6 | 21 0 0 0 0 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0
AR 19 0 0 1 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0
8 17 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 1 0
9 16 0 0 0 0 0 0 1 0 1 0 0 0 0 0 0 0 0 0 0
10 14 0 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
11 | 13 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 1 0 0
12 | 12 0 0 0 1 1 0 0 0 0 0 0 0 1 0 0 0 0 0 0
13 11 0 1 1 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0
14 11 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 1 0 0
15 ] 11 0 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0
16 10 0 0 0 0 0 1 0 0 1 0 0 0 0 0 1 0 0 0 0
17 10 0} 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 1 0 0

-$--8-0—0—0— -6 ——n—6—B

Filer PaI»on SIct SI«:: Filter Aggregate Aggregate Fleld Reorder Table

B B B

Table Table Table
Flags
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Result

M 63

70

52,5

35

17,5

Comedy,Romance Comedy, Drama Drama, Thriller Action,Thriller Children and Comedy Adventure,Children Drama,War Drama,Crime
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Preparation

>
i
—»—e——@———0—a6—e—6—0—=

Merge Fitter Distinct Filter I SI:: Create Eq1l User Va.. BlIng

! "
1 H
L
6 occupation occupation Table occupation

Aggregate



FAB4 x Universal SmartMovie Confidential Maaike

Results

administrator — Create
Equal User
doctor Values_BIN
educator— W10
Hs
engineer— [
entertainment— Eg
executive Co
healthcare —
lawyer—

librarian

occupation

marketing
none
other
programmer

salesman

student—

technician

|

10 15 20
Count

=]
i
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Business goal 04
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Preparation
[
E-34.000000
=8 Statlstlcs
: | Count 12
Mean -0.000
Min -2.651
:::: Max 1.349
Range 4.000
e Variance 1.765
EEEE Standard Deviation 1.328
Standard Error of Mean 0.383
Taple E-Pearson Correlations
2.000000 0.843 Strong
3.000000 0.785 Strong
3 x 4.000000 —8;%3 weat
EXCELT > - 5.000000 . ea
6.000000 0.509 Medium
7.000000 0.073 Weak
pearson_calculation... Type Statistics 8.000000 0.385 Medium
9.000000 -0.251 Weak
10.000000 0.381 Medium
11.000000 0.598 Medium
12.000000 0.344 Medium
E=EER 13.000000 0.600 Medium
u:uJ —D— —- — —_— | 14.000000 0.657 Medium
15.000000 0.742 Strong
rating_prediction.xl.. Sci-fi Prediction fo.. Denormalized Rating .. Table 16.000000 -0.338 Medium
17.000000 -0.208 Weak
18.000000 0.354 Medium
19.000000 -0.443 Medium
v— 20.000000 0.286  Weak
BEEE 21.000000 0.246 Weak
22.000000 0.178 Weak
Table
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Results

user_id |correlation |Sci—ﬁ_rating |Sci-ﬁ Prediction for user _id 34 | Denormalized Rating for user id 34|
1 162 0.939 -0.046 0.171 3.822
2 | 74 0.917 -0.001 0.171 3.822
3 | 438 0.913 0.550 0.171 3.822
4 | 113 0.911 0.557 0.171 3.822
5 | 674 0.909 -0.055 0.171 3.822
6 | 634 0.904 0.321 0.171 3.822
7 | 772 0.902 0.308 0.171 3.822
8 | 117 0.897 0.169 0.171 3.822
9 | 76 0.893 0.110 0.171 3.822
10 | 566 0.893 -0.199 0.171 3.822

We think you'll like Sci-fi, even though you never rated it!
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Movie based theme park rides
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Pournami

Popular movies among age 19-40

300 : : f 5 5 : ' :

user_id_Count

Contact (1997) Empire Strikes Fargo (1996) Godfather, The Monty Python Princess Bride, Pulp Fiction Raiders of the Return of the Rock, The Scream (1996) Silence of the Star Wars (1977) Titanic(1997) Twelve Monkeys
Back, The (1972) and tlhe Holy The (1987) (1994) Lost Ark (1981) Jedi(1983) (1996) Lambs, The (1995)
(1980) Grail (1974) (1991)

title
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SmartMovie miamls ALL YEAR!”

SISKEL & EBERT

FARGO

a new thriller by joel & ethan coen

A lot can

~ happen in the
e mmlddle of
SET . nowhere.

R e PﬂlYGHAM FLHED ENTERTAINMENT s wscunov v WORKING TTLE HLIHS Mﬂl}[l FRANCES MCDORMAND

59 \VILUIAMH. MACY STEVEBUSCEHI HARVE PRESNELL PETER STORMARE “5CARTER BURNELL " &%HHI[IK HEINRICHS

R i m?&?ﬁ%h“"‘m ROGER . DEAKINS, . e ORN CAMERON i TIN BEVAN ERICFELINER €3 <
R T N BGEN 5 JOEL COEN o ETHANCOEN % 0L COE

©199 PalyGrom Film Prodoctions B.Y. Al Bigh R

\ Po vGram GRAMERCY

Pournami
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Business goal 05
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With only a little data, we helped you...

* |dentify and create movies with most popular
genres for target audiences

* Optimize marketing opportunities for target user
groups

* Help users discover new movie genres
* |dentity popular theme park ride ideas

* Increase your profits!
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Business Goals

. Suggest genres for new movies for targeted age groups

. Determine unique movie genre combinations to produce

. Provide marketing opportunities by reaching the most

active users in their workplace

. Help people discover new genres that they haven’t seen

before

. Recommend new theme park rides by determining most

popular movie for a selected age group



Success Criteria

ldentify most popular genre of movie for the most popular
age group

ldentify most popular movie genre combinations and how
many movies are already produced

Display most active users within the most active workplaces

Predict the genre rating for a particular user by using pearson
correlation and identifying their top 10 nearest neighbors

|dentify most popular movie for a certain age group and
create recommendations for theme park rides.



Data Analysis

Main Data Set



Data Analysis -
Main Dataset

* This table contains:
e UserlID
e Movie ID
e Rating
e Title
* Genre
e Age
e Gender

e Occupation



Data Analysis -
Main Dataset

e This data can be used to create user profiles. This data
also links movie id’s to movie titles. Moreover, the genres
for the movies are given in this dataset

e All data is important



Data Analysis

User Average Rating per Genre



Data Analysis -
User Average Rating per Genre

e This table contains:
e Userid
e Average per genre

e This data can be used to find out which user has rated
which genres higher than others. The data needs to be
normalised.

e All data is important



Data Analysis

User Movie Genre



Data Analysis -
User Movie Genre

e This table contains:
e UserID
e Movie ID

e (Genre

e Since the main dataset includes genres per movie ID, this
dataset does not need to be used within this analysis.



Data Preparation

Main Dataset



Data Preparation -
Main Dataset

e |Imported file into SPSS Modeller

* |Looked at the data and changed types:

Field Measurement Values Missing Check Role

{3 user_id & Continuous [2,943] None “~ Input

u . {3 movie_id & Continuous [2,1682] None “ Input

. {3 rating & Continuous [1,5] None “~ Input
title s Typeless None © None

<3 Unkown @ Flag 1/0 None ™ Input

<3 Action @ Flag 1/0 None ™ Input

{3 Adventure @ Flag 1/0 None “~ Input

<3 Animation @ Flag 1/0 None “~ Input

{3 Childrens ® Flag 1/0 None ™ Input

{3 Comedy ® Flag 1/0 None “ Input

<% Crime & Flag 1/0 None “ Input

{3 Documentary @ Flag 1/0 None ™ Input

o n r t fl {»Drama @ Flag 1/0 None ™ Input
{3 Fantasy @ Flag 1/0 None ™ Input

<3 Film-Noir ® Flag 1/0 None “ Input

<3 Horror @ Flag 1/0 None “~ Input

<3 Musical @ Flag 1/0 None “~ Input

{3 Mystery ® Flag 1/0 None ™ Input

< Romance ® Flag 1/0 None “ Input

{3 Sci-Fi & Flag 1/0 None “ Input

{3 Thriller @ Flag 1/0 None ™ Input

<3 War @ Flag 1/0 None ™ Input

. en res to a {3 Western @ Flag 1/0 None ™ Input
{3 age & Continuous [7,73] None “ Input

[a] gender ® Flag M/F None “ Input

[A] occupation @ Nominal administrator,artist,d... None ™ Input

 Note: Title is typeless because there are too many different
ones. This does not influence the dataset and was, therefore,
kept like typeless.



Data Preparation -
Main Dataset

 Analysed data: only age could have outliers. Looking at
the age graph below, we can determine that we would like
to keep the parabola, which is a good representation of
the population in general. Through the audit node, the
following measurements were taken in regards to age:

e Mean : 32.999 _'
e Std: 11.573 23
T¢e

08

0 20 40 60 80
age
{3 age ’hﬂ & Continuous 7 73 32.999 11.573
o

25 Fields




Data Preparation -
Main Dataset

Several equations were tried in order to determine which
one would exclude the outliers:

e 1:’age'<(32.999-1.5"11.573) or ‘age’>(32.999+1.5*11.573)
e 2:’age'<(32.999-1.5*11.573) or ‘age’>(32.999+1.5*11.573)

e 3:’age'<(32.999-1.5*11.573) or ‘age'>(32.999+1.5*11.573)

OOOOOOOO

12,500 - : e 12,5004

uuuuuu

——————————————————————————————————————————




Data Preparation -
Main Dataset

e Qutliers were detected: i | (esodon Lo JEOIE

T1 2.83 2814

e Through the select node, the outliers were deleted.

e The database went from 99,276 records to 96,462
records

= S S
— 0
main_daI_ sssssss Table TTIe

-8 —

D —@© —C@—

T¢e Outliois Age Select

L8 !

25 Fields



Data Preparation -
Main Dataset

e Dataset was checked for empty ratings by checking if rating was
equal to 0. Moreover, it was checked if all movies had at least

one genre.

e This was done through the derive node by creating a flag for any
entry that complies with the following equation:

e 'Unkown'=0 and 'Action'=0 and 'Adventure'=0 and
'Animation’'=0 and 'Childrens'=0 and '‘Comedy'=0 and
'Crime'=0 and 'Documentary'=0 and 'Drama’'=0 and
'Fantasy'=0 and 'Film-Noir'=0 and '"Horror'=0 and 'Musical'=0
and 'Mystery'=0 and 'Romance'=0 and 'Sci-Fi'=0 and
"Thriller'=0 and 'War'=0 and 'Western'=0 or rating =0



Data Preparation -
Main Dataset

* After checking the
flags, it turns out that
all entries had a rating
and every movie had
at least one genre
assigned to it.

Value Proportion %
F | 100.0

e At the end, the record

count was deleted I T
from the database =_ (= g
through the filter '+ ¢\
node

Count
96462



Data Preparation

User Average Rating per Genre



Data Preparation -
User Average Rating per Genre

* Within the dataset, there are
many users have a 0 average
rating for a genre. This means
that they have never rated a
movie within this genre (since all
ratings are between 1 and 5).

* |n order to ensure that these

zeros are not taken into account
when doing calculations, the
filler node Is used to transform
all zeroes to $null$ values for all
genres

® Filler

_I*Ereview] {el'ﬂ“:lj

s— {
-4
.++

Settings Annotations

Fill in fields:
Unkown_ave | _B.
& Action_ave I "
- P

Adventure_ave U
4 Animation_ave
Replace: Based on condition ™ ‘
Condition:

1 @FIELD = © |@|
Replace with:

1 undef | = | |
[ OK J[Cancel] | AppIyJ[ Reset]




Data Preparation -
User Average Rating per Genre

e At the end, all data will need to be normalised. This is done
because there can be a huge difference in ratings given
depending on the type of person: a positive person might rate all
4’s and 5’s, whereas a more negative person can give ratings of
2’s and 3’s, but enjoy the movies the same.

By normalising the data, you can see how the user’s rating is
compared to their average rating. Above 0 is better than usual,
below 0 is worse than usual.

e For this, we will need to know the average of the averages of the
user. The user can love one genre and hate the other: to gain a

better understanding of how the user rates, all averages need to
be taken into account.



Data Preparation -
User Average Rating per Genre

* A derive node is used to create a new field: avg user avg
(average user average).

* First, all averages are added through the following formula:

* (sum_n(@FIELDS_BETWEEN(Unkown_ave,Western_ave)))

* Then, this number needs to be divided by all the genres
that have a value. Therefore, all null values need to be
subtracted from the 19 genres. This is done through the
following formula:

* (19 - (count_nulls(@FIELDS_BETWEEN(Unkown_ave,Western_ave))))



Data Preparation -
User Average Rating per Genre

e |t was checked if average user average was ever equal to
‘0’ (meaning the user did not rate any items). This was not
-the case: Value = Proportion | 1(;/2),0 Cour;)t42

e Through a filter node, the outliers column was deleted.

20 Fields Table Table Outliers



Data Preparation

Merged Dataset



Data Preparation -
Merged Dataset

e Both datasets were merged using e o Filler

the merge node. They were =3 [ 2 Breview] Llals)
merged on the user-id.
Settings Annotations
e The dataset was sorted on the A M LS |
w : & rating |~
user-id (ascending order) through g e -0
the ‘sort’ node. & Action_ave
Adventure ave -

Replace: Always = ‘

e Now, the dataset needs to be
normalised. This can be done . @BLANK(@FIELD) —
through the filler node. Here, the
ratings and all the averages per S ——
user needed to be subtracted by 1 @THIS(@FIELD)-@THIS(Avg User Avg’) | (@]
the average user average:

[ OK J|Cance|] [Apply|[ BesetJ

QTHIS(@FIELD)-@THIS('Avg User Avg’)



Data Preparation -
Merged Dataset

e A partition node was added to create a testing set and a
training set. The setup for the merged dataset was:

\ .......

> b (W (2

/Ae rge Sort Filler Partition




Data Preparation -
Merged Dataset

e The setup for the entire data preparation process:

#) - = .
m, d I Table Tafle Emptyfating
B — - 0D . & — 5 . @&
A® - > —
Type Outliers Age Sel Empty Ratings Filter Elj
\j \J
Til
o
b
25 Fields g » - %) - -_: - +_§
> >
\
/erge Sort Fill Partition
- > *=> +> —
i ting_.. Fill TI Avg User Avg O l Filter
O =1 "



Business Goal 1:
Determine the most popular genre
for the most popular age group

Understand which is the most popular age group is
and see which is their most popular genre of movie:
based on this information, movie makers can produce
popular genre movies for suitable audiences.



Business Goal 1:
Determine the most popular genre for the
most popular age group

e First, we must understand p—N A £\ /\
which is the most popular il @y L8 /N
> -A> + > Pl
age group. — — |
/;nning Type age_group age_group
* Binned all the users ages  in Lower Upper
. 1 >=7 < 15.66666667
iInto 6 groups. 2 >=15.66666667 < 2433333333
3 >=24.33333333 <33
4 >=33 < 41.66666667
5 >=41.66666667 < 50.33333333
6 >=50.33333333 <=59

e Found out which was the
most popular age group.

AEEEEEEN
|
=

| | | | |
0 10,000 20,000 30,000 40,000

Pammu



Business Goal 1:
Determine the most popular genre for the
most popular age group

e After looking at the graph, we decided to chose the popular age group of
19-40 years for a wider analysis.

e After analysing the graph, we decided to chose genres that have ratings
more than 0.

rating >= 0




Business Goal 1:

Determine the most popular genre for the

most popular age group

After that we checked the count
of ratings given for each genres.

After sorting through the table,
and filtering it, we found a table
which shows which are the 4
most popular genres for the
selected age group.

w File = Edit %) Generate

Table Annotations

Key fields:

% Unkown
% Action

% Adventure
% Animation
% Childrens
% Comedy
% Crime

% Documentarv

Basic Aggregates

Aggregate fields:

Field

rating

|Sum |[Mean |Min [Max |SDev [Medi... |Count |Varia...|1st Qu...[3rd Q... |
B :{. O B O B W O B B

I S EE S S S S SN EEEEEEEEEEEERE,

rating_Mean rating_Counti Comedy | Drama |[Romance £
1 0.834 4044 0 1 0-
2 0.748 2595 1 0 0
3 0.824 1481 0 1 1-
4 0.713 1457 1 0 1
5 0.743 100G """ gty

(@[]

X%



Business Goal 1:
Determine the most popular genre for the
most popular age group

-0> —>
b 4
Binning Type age_group Selact Sjlect Aggregate Sirt Sefct Fijer

age_group
[rating] Table Table Table Table

 The final setup for business goal 1 can be seen above. Of course, the data
preparation will be added before this string in order to provide the complete
result.



Business goal 2: Show which combinations
of movie genres work well and show how
many movies there are already produced in
that genre

Understand which genres are the most popular
movie genre combination and how many movies are
produced, such that movie producer has quick
insight and could determine in which genres
combination could be option for a new movie.

Carmen
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Table Table Table
Flaqs

Carmen



* First we must
understand what the
popular movies are,
therefore we need to
select and
discard(delete) all the Wrating =< o @)
not popular movies.
According to the Condition:
normalized values,
every movie with a
normalized rating above
0 is a popular movie.

Select

Mode: Include @ Discard

-
eg 0K [ cancel, _Apply || Reset.

Carmen



e After that we can start to
determine the popular
combinations. A combination
always exist out of two
componenter, therefore we

can discard all user that only Mode: O Include ® Discard

rated 1 genre. We can 1 sum_n(@FIELDS_BETWEEN (Unkown,Western)) == 1 W
calculate that by taking the

sum of all movies genres. If Condition:

the sum adds up to 1, we
know only one genre is used

instead of two and then we ok J[cancel Wwf

can discard them.

Carmen



e After that we
filter out all the
stream we don't
need, for a
clearer result in
the table

@ View current fields © View unused field settings

ﬁ

Carmen

Filter 1
(e | Y pm )
- — ‘- l
Fields: 47 in, 26 filtered, O renamed, 21 out
Field Filter | Field |
user id — user id
movie id — movie id
rating X rating
title %> titte
Unkown — Unkown
Action — Action
Adventure — Adventure
Animation — Animation
Childrens — Childrens
Comedy — ‘Comedy
Crime — Crime
Documentary — Documentary
Drama — Drama
Fantasy — Fantasy
Film-Noir — Film-Noir
Horror — Horror
Musical — ‘Musical
Mystery — ‘Mystery
Romance — Romance
Sci-Fi — Sci-Fi
Thriller — Thriller
War —
Western —
age X
gender K>
occupation >
Unkown ave K>
Action ave X
Adventure ave K
Animation ave X
Childrens ave K>
Comedy ave .
Crime ave K>




After that we first
aggregate on unique
(popular) movies and

the genre we have in
the datafile.

And then aggregate
again on unique
combinations of
genres.

Aggregate 1 Slow mac? ;(
‘. www8.putlockers.co

Check your internet connect

Key fields:

Setings Optimization Annotations

|¢# movie_id

% Unkown
8 Action

% Adventure
Q Animatinn

|5

-

~Basic Aggregates

Aggregate fields:

Field [Sum

|Mean |Min |Max |SDev |Median |Count |Variance |lst Quart... | 3rd Quar... |

x |

Default mode:

New field name extension: ‘ | Add as: @ Suffix © Prefix

[Tl Include record count in field Record Count

Sum[¥ Mean[] Min[] Max "] SDev["| Median[| Count[] Variance["| 1st Quartile[| 3rd Quartile

~Aggregate Expressions

Field |Expression | @
Aggregate
@l=l0)
Settings Optimization Annotations
Key fields:
& Unkown =
& Action x |
& Adventure
8 Animation
2 Childranc ]
rBasic Aggregates
Aggregate fields:
Field |Sum |Mean |Min |Max |SDev |Median |Count |Variance |lst Quart... | 3rd Quar... |
x|

Default mode:

New field name extension:

[¥ Include record count in field N Movies |

[ Sum[¥ Mean["] Min[Z] Max[~] SDev["] Median["] Count["] Variance["| 1st Quartile["] 3rd Quartile

I Add as: @ Suffix © Prefix

rAggregate Expressions

Field

|Expression |

¥EE

0K Cancel

(anein) Casse) Carmen



After this the table
should be made more
insightful, therefore we
change the order of the
columns and order
them from high to low.

Field Reorder

Reorder| Annotations

@ Custom Order Automatic Sort
Type: w Name: w Storage: w
Type | Field | Storage |
---------------------- [ other fields ] “
& N Movies <% Integer
. Unkown <% Integer
s Action <% Integer
o Adventure % Integer
& Animation <% Integer
& Childrens <% Integer
® Comedy <% Integer
s Crime <% Integer
& Documentary <% Integer
& Drama <% Integer
o] Cantacu £ Intanar b7

Clear Unused \

Note: Fields added down stream of this node are not reordered.

X [iefe [> b1 B

| Apply || Reset

Sort

Sort by:

Field

|Order

N Movies

¥ Descending

Default sort order: @ Ascending © Descending

) (cancel

Carmen



Table (20 fields, 197 records) #2

X
E

{) Generate

= Edit

File

™

Table

Unkown | Action |Adventure | Animation IChiIdrens | Comedy| Crime I Documentary] Drama| Fantasy| FiIm-NoirI Horror| Musical | Mysteryl Romance I Sci-Fi IThriIIeerar |Western | Record Count|
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NN =
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Business Goal 3:
Determine where the
most active users work

Understand who the most active users are and see what
their occupation is: when there are many active users in the
same workplace, they could be given discounts if they
iInvite their colleagues to also join the rating platform



Business Goal 3:
Determine where the most
active users work

e First, we must understand who the
active users are. We count every
occurrence of the user id in the table P>
through the aggregate node. Agarpgate

* Moreover, we must also understand
how many people work in a certain

workplace. Here, we also use an — > - >
aggregate node to count every Meyge Merge
occurrence of an occupation in the
table. \

 The files are then merged together: P>
active users on user-id and Aggregate

workplace on occupation



Business Goal 3:
Determine where the most

Filter

* Next, everything but the following four = (= preview (=)
columns are removed from the dataset
through the filter node: Filter | Annotations
@ m Fields: 49 in, 45 filtered, O renamed, 4 out
. . Field Filter . Field
* Occupation occupation Count —+  occupation Count ]
user id — user id
user_id Count — user_id Count
mo.viefid K mqvie_id
e Occupation_count el o
Unkown K Unkown
Action K Action
Adventure K> Adventure -]
) User_id ® View current fields © View unused field settings
| OK ][Cancel] [Apply][ Beset]

e User id count
»

* Then, occupation type is set to nominal {
through the type node.

— -k d
—_— —_ —
- > > o o o— A e A

e The table is then sorted on user_id _count

(descending) N\ ‘
S

Aggregate



Business Goal 3:
Determine where the most
active users work

Every user has multiple entries (since there used to be multiple rows with
different ratings). Since these columns have been deleted, the table contains
many duplicate rows.

Through the ‘distinct’ node, we ‘create a composite record for each group’
based on the user_id. Now, every user_id only has one row in the table and
the most active user is ranked at the top:

| occupation | occupation_Count| user_id | user_id_Count|

1 healthcare 2774 405 737
2 healthcare 2774 655 684
3 educator 8932 13 635
4 educator 8932 450 539
5 student 21852 276 517
_6—|student 21852 416 492
engineer 7900 537 489

5 student 21852 303 483
student 21852 393 447

10 executive 3310 181 434
11 program... 7574 279 433
12 student 21852 429 413
13 lawyer 1339 846 405
14 administr... 7392 7 403
5 student 21852 94 399
program... 7574 682 398

writer 5466 293 387

§ entertam... 2084 92 387
nnnnnn 7R7A 2722 ARA



Business Goal 3:
Determine where the most
active users work

o A filter node is used to remove ‘record count’ from the dataset.

* We can now add a distribution graph and show where all the users work:

Value Proportion % Count
administrator ] 8.45 77
artist’] 3.07 28
doctor] 0.66 6
educator__| 9.88 90
engineer | 7.03 64
entertainme...] 1.98 18
executive ] 3.4 31
healthcarel 1.65 15
homemaker] 0.77 7
lawyerl] 1.32 12
librarian ] 5.49 50
marketing 2.85 26
nonel 0.99 9
other 1 11.42 104
programmer_] 7.03 64
retired| 0.22 2
salesman| 1.21 11
scientist] 3.4 31
student_____| 21.51 196
technician] 2.85 26
writer _] 4.83 44




Business Goal 3:
Determine where the most
active users work

However, we are interested in the most active users. Therefore, we will select
the top 10% of the dataset. Since there are 911 records, we look at the 91st
entry and see that the user count is 244. Therefore, we will use a select node
to include all the entries that have a user_id_count of 244 or higher. The
distribution now looks as follows:

Value Proportion % Count

administrator I
doctorl
educator 1
engineer |
entertainme...1|
executive [l
healthcarel
lawyer]]
librarian ]
marketing
nonel
other ]
programmer
salesman|
student_____ |

technicianl

writer |

000 O

U1 00

N
CONNEFEUVIOHNOGNNSID WO O 00

N
¢ nl A o ¢ ¢
NVNEREFPFRARUPNGNNAMW (PG

ONOOHFRFOOFENONNDDWOORFO
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Business Goal 3:
Determine where the most
active users work

Even though we can see where the top 10% of active users work, it does not
yet show where the most active users (1%) work. There is still a large
difference between the 1st percentage and 10th percentage of active users.
Therefore, we will show this distinction within a graph.

Right now, the user only has an id or a count of how many times they have
rated a movie. However, if we now bin the users, they will either be binned on
user_id or their count. User_id does not take into account who the most active
user is. The count will not be able to create bins of equal distance and equal
users. Therefore, this step will need to be completed in two-fold.

First, a derive node will be used. The derive node will count whenever the
user_id is higher than 0 (which is always), ensuring that every entry receives
their own rank. (This could have been done through binning with ranking order
on percentile, but whenever a user_id_count was equal, one entry was ignored)



Business Goal 3:
Determine where the most
active users work

e We now have a ranking (variable is called Create Equal User Values), which
allows us to create bins of equal amounts of users based on their rating
activism.

e The bin node is used. It will bin the Create Equal User Values node into 10
bins, meaning every percentage will be shown (the top 10% of users is now
again divided into 10 bins).

 Through the distribution graph node, the occupation will be shown with a
color overlay of the binned users. The graph has a proportional scale in order
to show the different bins better



occupation

Business Goal 3:
Determine where the most
active users work

administrator Create
doctor—- 52 ﬂ?els?;m
educator— Hio
Hs
engineer— | 3
entertainment— Eg
executive— Uo
healthcare —
lawyer —
librarian
marketing
none
other]
programmer | :
salesman —-
student- | |
technician _
wiver | L [ T
0 Elr lIO lIS 2ID
Count

e Here, we can see the percentage of users that work in a specific workplace.
The light green indicates that the user is very active. The darker the green
gets, the less active the user is.

Maaike



Business Goal 3:
Determine where the most
active users work

e B —: B B
- -
3 e e - A
Mi kge Merge Filter Type Sort Distinct Filter TI& SIct Type Create E 1 rVa.. BirIng
\ g g m g
occupation occupation Table occupation

 The final setup for business goal 3 can be seen above. Of course, the data
preparation will be added before this string in order to provide the complete
result.



Business Goal 4:
Recommender system

Recommend a movie genre that a user normally
doesn’t watch but might like, by identifying users
with similar tastes using the Pearson correlation.

How would user_id #34 rate the Sci-fi movie genre
(based on how similar users rated Sci-fi)?



Business Goal 4:

Recommender system

To recommend a new movie genre
to someone, we must calculate the
Pearson coefficient for a particular
user. The pearson coefficient tells us
a user’s “nearest neighbors”, that is,
how similar other user’s tastes are to
the chosen person.

First, we prepare the data to show
just the normalized average rating
per genre for each user

Next, we use the Statistics node to
calculate the pearson coefficient

user_id |2.000000 [3.000000 |4.000000 |5.000000
Action_ave 0.178 -0.167 -0.448 -0.021
Adventure_ave 0.711 0.548 -0.823 0.078
Animation_ave $null$ $null$ $null$ 0.605
Childrens_ave -0.955 $null$ $null$ -0.771
Comedy ave 0.178 -0.369 0.677 -0.176
Crime_ave 0.156 0.048 0.427 0.725
Documentary ave $null$ 2.048 0.677 $null$
Drama_ave 0.206 -0.043 0.177 -0.497
Fantasy ave -0.622 $null$ $null$ -0.664
Film-Noir_ave 0.878 -0.452 $null$ 1.836
Horror_ave -0.622 -0.552 -0.323 -0.628
Musical_ave -0.622 -0.952 0.677 0.169
Mystery ave -0.122 0.229 -0.323 -0.164
Romance_ave 0.503 0.448 0.010 -0.848
Sci-Fi_ave 0.128 -0.202 -0.490 0.351
Thriller_ave -0.039 -0.429 -0.414 -0.217
War_ave 0.045 -0.152 0.177 0.050
Western_ave $null$ $null$ $null$ -0.664
TTIe
o Sic 2x
1 11 -.+ n
1—1-] » _‘_’. *
pearson_calculation... Type Statistics
): (’ui_’u)(’ri_'\')
PC(u,v) =

IU\'

i€Z,,

\/FZ (rui - ?1{)2 Z ("\'1' - Fr)

5



Business Goal 4:

Recommender system

We calculate the pearson coefficient for a
particular user. We chose user_id #34,
because this person has 6 null rating values
out of 18. This is optimal because they have
enough data to calculate an accurate
pearson coefficient, but enough nulls for us
to give them a prediction.

We set up the statistics node like so to see
which other users have similar movie genre
tastes as user #34. We consider the
following:

0.0-0.333 = Weak relationship

0.333-0.666 = Moderate relationship

0.666-1.0 = Strong relationship

user_id |2.000000 |4.000000

Action_ave 0.178 -0.167 -0.448 -0.021
Adventure_ave 0.711 0.548 -0.823 0.078
Animation_ave $null$ $null$ $null$ 0.605
Childrens_ave -0.955 $null$ $null$ -0.771
Comedy ave 0.178 -0.369 0.677 -0.176
Crime_ave 0.156 0.048 0.427 0.725
Documentary ave $null$ 2.048 0.677 $null$
Drama_ave 0.206 -0.043 0.177 -0.497
Fantasy ave -0.622 $null$ $null$ -0.664
Film-Noir_ave 0.878 -0.452 $null$ 1.836
Horror_ave -0.622 -0.552 -0.323 -0.628
Musical_ave -0.622 -0.952 0.677 0.169
Mystery ave -0.122 0.229 -0.323 -0.164
Romance_ave 0.503 0.448 0.010 -0.848
Sci-Fi_ave 0.128 -0.202 -0.490 0.351
Thriller_ave -0.039 -0.429 -0.414 -0.217
War_ave 0.045 -0.152 0.177 0.050
Western_ave $null$ $null$ $null$ -0.664

cs

Correlation Settings

Zx —
n [ Show correlation strength labels in output

© Define correlation strength by importance (1-p)

Settings| Output |Annotations

Examine: |¢ 34.000000

Statistics: [ Count [¥ Mean
[+ Min ¥ Max
[¥ Variance[# Std Dev
[[] Median [C] Mode

Above and up to:

Above and up to 1.0

@ Define correlation strength by absolute value

JFrom 0.0 and up to: % Label:
Label: __Strong

Correlate: |4 2.000000
& 3.000000
< 4.000000

-2

-

[ Correlation Settings...]

[ OK Hi Rgn” CanceIJ

_Apply || Reset |




Business Goal 4:

Recommender system

Looking at the correlation results, we
take the top 10 highest pearson
coefficients to identify our 10 most
similar neighbors to user #34

Due to the limitations to the SPSS
statistics node (can’t sort or connect
to another node), we export the data
iInto Excel to sort the top 10
neighbors and find their rating for
Sci-Fi_ave

The 10 neighbors of user 34, from
strongest to weakest, are: 162, 74,
438, 113, 674,634, 772, 117, 76, 566

E-34.000000
B Statistics

i [Count 12

. |Mean -0.000

. |Min -2.651

. | Max 1.349

""" Range 4.000
Variance 1.765
Standard Deviation 1.328
Standard Error of Mean 0.383

E-Pearson Correlations

2.000000 0.843 Strong
3.000000 0.785 Strong
4.000000 -0.324 Weak
5.000000 0.320 Weak
6.000000 0.509 Medium
7.000000 0.073 Weak
8.000000 0.385 Medium
9.000000 -0.251 Weak
10.000000 0.381 Medium
11.000000 0.598 Medium
12.000000 0.344 Medium
13.000000 0.600 Medium
14.000000 0.657 Medium
15.000000 0.742 Strong
16.000000 -0.338 Medium
17.000000 -0.208 Weak
18.000000 0.354 Medium
19.000000 -0.443 Medium
20.000000 0.286 Weak
21.000000 0.246 Weak
22.000000 0.178 Weak
23.000000 0.475 Medium
24.000000 0.662 Medium
25.000000 0.514 Medium
26.000000 0.415 Medium
27.000000 0.285 Weak
28.000000 0.472 Medium
29.000000 0.696 Strong
30.000000 0.160 Weak
31.000000 0.160 Weak
32.000000 0.706 Strong
33.000000 0.506 Medium
35.000000 0.520 Medium
36.000000 0.184 Weak
37.000000 0.632 Medium
38.000000 -0.193 Weak




Business Goal 4:
Recommender system

We want to know, how would user 34 like
the sci-fi genre? After all, they haven’t
rated it.

To do so, we prepare and input the data
into SPSS again, showing only the top 10
neighbors of user #34, their pearson
correlation, and their average rating for
the Sci-fi genre.

We use the equation displayed here to
predict the rating that user #34 would
give to the Sci-fi genre, based on how his
top 10 neighbors rated the Sci-fi genre.

o Table (3 fields, 10 records) #6

I Elle = Edit  {) Generate 1:?';1‘3' Q| x
Table Annotations
e |user id|correlation|Sci—fi rating |
, \ 1 162.0... 0.939 ~0.046 =
ating_prediction.xl.. | 5 74.000 0.917 -0.001
3 438.0... 0.913 0.550
4 113.0... 0.911 0.557
5 674.0... 0.909 -0.055
E=RE 6 634.0... 0.904 0.321
EEEE 7 772.0... 0.902 0.308
8 117.0... 0.897 0.169
Table 9 76.000 0.893 0.110
10 | 566.0... 0.893 -0.199 -
0K
b a .
Z Wuv Fyi
\N:(u
. veN;(u)
/ i
W,
l
-~
“ed'N“ i ( ll )



Business Goal 4:
Recommender system

e We perform the equation using the

X CELT e —
Derive node Se > R
rating_prediction.xl.. Type Sci-fi Prediction fo..
=N
> —

e The result, which is the the Denormalized Rating .. _Table |
normalized prediction for how user
34 would rate the Sci-fi genre is, = > preview| @)aln

*>

O 1 71 Derive as: Formula

Settings | Annotations

Mode: @ Single © Multiple

Derive field:

Sci-fi Prediction for user_id 34

@® © Expression Builder

((0.939 x —0.0460843) + (0.917 *x —0.0014688) + (0.913 *
0.5502389) + (0.911 * 0.55667015) + (0.909 x -0.0552877)
+ (0.904 * 0.3205442) + (0.902 * 0.3083025) + (0.897 *
0.1691019) + (0.893 * 0.1095195) + (0.893 * -0.1987427))

L

/ (9.078)| -
General Functions -2 ‘ E@ ‘=5E Fields bt ‘
— | div
Function Return . T... Field Storage =
is_integer(ITEM) Boolean oo oo user id  Real j
is_real(ITEM) Boolean £med) | & correlati... Real
is_number(ITEM) Boolean [=]== & Sci-fi_ra... Real




Business Goal 4:
Recommender system

° We de_normalize the prediCtion by Ilzz:\:::::?z:ed Rating for user_id 34
using another Derive node and
adding user #34’s average rating for

Derive as: ‘Formula 5 |

all genres, 3.651, back to their Field type: (7 <Defauit> [5J
. . : Formula:
normallzed predICtlon 1 'Sci-fi Prediction for user_id 34' + 3.651 @

e The final predicted rating for Sci-fi for
user 34 is 3.822!

]| cancel Apply || Reset

e This can be rounded to 4. This is

|user_id | correlation | Sci-fi_rating | Sci-fi Predict...| Denormalized Rating for user_id 34 |

rating, 4 (out of max 5) can be I~ 162  0.939 ~0.046 0.171 3.822
- ] 74 0.917 -0.001 0.171 3.822
considered strong. Thus, we can j 438 0313 0530 o7 382
now confidently recommend Sci-fi | €54 004 0321 0.171 3822
i te thi R
movies to user #34, despite this |17 oo o.es 0.171 3.822
| 566 0.893 -0.199 0.171 3.822

person having never rated this
genre to begin with!!



Business Goal 5:
Determine the most popular
movie for a selected age group

Find out the most popular movie for certain age group
and create recommendations for the Theme park for
making new attractive rides. Help in attracting a different
age group to these theme parks using the dataset.



Business Goal 5:
Determine the most popular movie for a

selected age group

user_id |[movie_id | rating

From the analysis done for the Business
Goal 1, we found out the popular age group
(19-40). We decided to go forward with the
same age group because we wanted to find
interesting movies for making this age group
also interested in the theme park rides.

We found out the movies that are interesting
for the chosen age group.

{

“> >

Select Select

[rating] Table

title |

LOSLLEEA,A,L,A,A,bb,A,bAd,bb,DA,bb,DbPWWWWWWWWWWWWWWWWWWWWWWWWWWWWWW

355
345
340
260
268
354
351
307
331
299
329
320
346
318
322
344
321
334
327
350
328
343
342
348
181

0.048 Sphere (1998)

0.048 Deconstructing Harry (1997)
2.048 Boogie Nights (1997)

1.048 Event Horizon (1997)

0.048 Chasing Amy (1997)

0.048 Wedding Singer, The (1998)
0.048 Prophecy Il, The (1998)
0.048 Devils Advocate, The (1997)
1.048 Edge, The (1997)

0.048 Hoodlum (1997)

1.048 Desperate Measures (1998)
2.048 Paradise Lost: The Child M...
2.048 Jackie Brown (1997)

1.048 Schindlers List (1993)
0.048 Murder at 1600 (1997)
1.048 Apostle, The (1997)

2.048 Mother (1996)

0.048 U Turn (1997)

1.048 Cop Land (1997)

0.048 Fallen (1998)

2.048 Conspiracy Theory (1997)
0.048 Alien: Resurrection (1997)
1.048 Man Who Knew Too Little, ...
1.048 Desperate Measures (1998)
1.048 Return of the Jedi (1983)
0.048 Hard Rain (1998)

0.048 Mad City (1997)

0.048 Starship Troopers (1997)
0.048 Ulees Gold (1997)

2.048 Wag the Dog (1997)

0.677 Lost Highway (1997)

0.677 Blues Brothers 2000 (1998)
0.677 Contact (1997)

0.677 Star Wars (1977)

0.677 Ulees Gold (1997)

0.677 Wedding Singer, The (1998)
0.677 Air Force One (1997)

0.677 Wonderland (1997)

0.677 Liar Liar (1997)

0.677 Desperate Measures (1998)
0.677 Cop Land (1997)

0.677 Assignment, The (1997)
0.677 Incognito (1997)

0.677 In & Out (1997)

0.418 Roman Holiday (1953)
0.418 Dark City (1998)




Business Goal 5:

Determine the most popular movie for a

selected age grou

D

user_id_Count | movie_id title

Then we found out the number of users who gave
high ratings for each movies, to find the most
popular movies from the chosen age group.

After sorting and selecting the top ones, we got a
very interesting graph showing some interesting
results.

People from the age group of 19-40 still love
movies from the 18th century and this would be a
valuable information for building rides for this age

group.

Aggregate Sart Select [title user_id_Count..
e

291
224
201
195
195
187
185
183
178
171
169
166
164
156
150
148
143
143
141
138
137
137
134
132
132
129
129
128
127
126
126
124
124
123
123
122
120
118
117
116
111
109
108
107
106
104
102

50 Star Wars (1977)

181 Return of the Jedi (1983)

100 Fargo (1996)

98 Silence of the Lambs, The (1991)
174 Raiders of the Lost Ark (1981)
288 Scream (1996)

258 Contact (1997)

56 Pulp Fiction (1994)

172 Empire Strikes Back, The (1980)

127 Godfather, The (1972)

7 Twelve Monkeys (1995)

173 Princess Bride, The (1987)

313 Titanic (1997)

117 Rock, The (1996)

168 Monty Python and the Holy Crai...
64 Shawshank Redemption, The (1...
12 Usual Suspects, The (1995)

79 Fugitive, The (1993)

318 Schindlers List (1993)

22 Braveheart (1995)

222 Star Trek: First Contact (1996)
96 Terminator 2: Judgment Day (1...

300 Air Force One (1997)

237 Jerry Maguire (1996)

210 Indiana Jones and the Last Crus...

286 English Patient, The (1996)

475 Trainspotting (1996)

176 Aliens (1986)

183 Alien (1979)

294 Liar Liar (1997)

195 Terminator, The (1984)

11 Seven (Se7en) (1995)

89 Blade Runner (1982)

204 Back to the Future (1985)

151 Willy Wonka and the Chocolate ...
69 Forrest Gump (1994)

302 L.A. Confidential (1997)

216 When Harry Met Sally... (1989)

268 Chasing Amy (1997)

121 Independence Day (ID4) (1996)

196 Dead Poets Society (1989)

257 Men in Black (1997)

191 Amadeus (1984)

202 Groundhog Day (1993)

357 One Flew Over the Cuckoos Nes...

483 Casablanca (1942)

276 leavina |l as Veaas (1995)

Table



user_id_Count

Business Goal 5:
Determine the most popular movie for a
selected age group

300

200

100

Contact (1997) Empire Strike® Fargo (1996) ®odfather, The Monty Python Princess Bride, Pulp Fiction

Back, The W m  (1972) and the Holy The (1987)
(1980) WEEEEEEN Grail (1974)

Raiders of th Return of the
(1994) Lost Ark (198 Jedi (1983)

EEEEERN
title

[ ]
Rock, The Scream (1996) Silence of thegStar Wars (1977)Titanic (1997) Twelve Monkeys
(1996) Lambs, The 4 (1995)
(1991) Essnmnn”

Pammu



Business Goal 5:
Determine the most popular movie for a
selected age group

\
-r> w=1> AP LM D> &
Serct ScTct Aggregate Sirt Select [title user_id_Count..
Table
[rating] Table

 The final setup for business goal 5 can be seen above. Of course, the data

preparation will be added before this string in order to provide the complete
result.



