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DATA WAREHOUSE

COMPREHENSIVE DATA ANALYTICS PROGRAM
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REFERENCE

DATASET SOURCE
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https://console.cloud.google.com/bigquery?p=bigquery-public-data&d=thelook_ecommerce&inv=1&invt=AbwvVA&project=coda-452611&ws=!1m0

Background of the

Company Profile

The Look is a global e-commerce
platform offering fashion and
lifestyle products. As the business
grows, the company needs a data
warehouse system to analyze sales
and customer behavior for better
decision-making and growth.

The Objective

@

To develop a data warehouse that
enables efficient analysis of sales
performance, customer behavior,
and return patterns. This will
support data-driven decision-
making to enhance profitability,
optimize operations, and improve
customer service through
actionable insights.
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Business

Business Context

Main Problem

&% HACKTIVS

The Look is a rapidly expanding e-commerce platform, where the need for
comprehensive data analysis has become critical to support strategic
decision-making and sustain growth.

Running queries directly on the operational (OLTP) database is not feasible
due to Ilimitations and potential disruptions to the performance of
transactional systemes.

Develop a separate data warehouse system that enables efficient and
reliable analysis without affecting operational processes.
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Business

As The Look continues to scale, the demand for
data-driven insights increases. However, relying on
the operational database for analytical queries
poses risks to system performance and lacks
flexibility for in-depth analysis. To overcome these
limitations, a separate data warehouse is essential
for supporting strategic decision-making through
reliable and efficient data access.
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Business

Users make product purchases through the
platform, and the related transaction data (such as
who made the purchase, what product was bought,
when it was bought, the price, shipping status, and
so on) is recorded and can be used to analyze sales
performance, product profitability, customer
behavior, and seasonal trends.



The Look dataset has 7 tables, but we will only
use data that is relevant to sales analysis.

thelook_ecommerce

distribution_centers
events
inventory_items
order_items

orders

products

Users

r o X I X X X X

L L] L L] L L] LT LT LT LT ]

L L]

ORDER_ITEMS

id

order_id

user_id
product_id
inventory_item_id

status
created_at
shipped_at
delivered_at
returned_at
sale_price

ORDERS

order_id
user_id
status
gender
created_at
returned_at
shipped_at
delivered_at
num_of_item

id postal_code
first_name city
last_name country
email latitude

age longitude
gender traffic_source
state created_at
street_address user_geom
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PRODUCTS

id

cost

category

name

brand

retail_price
department

sku
distribution_center_id




dim_product

granularity
1row =1 product

attribute:
product_key
name
brand
category
department
retail_price
cost

dim_user

granularity
1row =1 user

attribute:
user_key
customer_name
age
gender
state
city
country
traffic_source

fact_transaction

granularity

1 row =1 item within an order

attribute:
transaction_id
order_id
user_id
product_id
date_id
sale_price
cost
profit
transaction_status
is_order_created
is_shipped
is_delivered
is_returned
num_of_item

dim_date

granularity

1row =1date

attribute:
date_key
full_date
year
quarter
month
week
day
month_name
day_name
is_weekend
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Data

The data warehouse model
employs a Star Schema approach,
featuring a central fact table
named ‘'transaction' that stores
sales information at a granularity
of one row per item within each
order. This fact table is linked to
three dimension tables:

e 'dim_product'

e 'dim_user'

e 'dim_date'
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Extract

@ Untitled query XM ©@seve-
Source

-- query data for fact_transaction

1
. . 2 SELECT
bigquery-public-data.thelook_ecommerce dataset 3 | oi id AS transaction_id.
4 oi.order_id,
5 oi.user_id,
Extraction method 6 | oi.product_id,
] ] ] ] 7 FORMAT_DATE( “%Y%m%d', DATE(oi.created_at)) AS date_id,
SQL queries run directly in BigQuery 8 | oi.sale_price,
g9 p.cost,
18 (oi.sale_price - p.cost) AS profit,
11 oi.status AS transaction_status,
Output 12 | o.order_id IS NOT NULL AS is_order_created,
CSV files for each dimension/fact table @ Query completed
Query results B Save results ~ i Openin ~ ®
£ Job information Results Chart JSON Execution details >
Row . transaction_id - y. order_id « . user_id « y. product_id « y. date_id -
1 23267 16099 12782 14235 20200721
2 102894 71128 56787 14235 20230008
Data Source SQL Queries CSV Files 3 163375 112750 90067 14235 20241229
(Qig_Qu_ery) A 4 4 &M [alnlel =4 £ A4 a4 4 AAaC T atalr i Halats]

Results per page: 50 = 1 — 50 of 181284 > >l
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-- query data for fact transaction
SELECT
oi.1d AS transaction id,
oi.order_id,
ol.user 1id,
oi.product id,
FORMAT DATE( "%Y%miud', DATE(ol.created at)) AS date id,
ol.sale price,
p-cost, Extract
(oi.sale price - p.cost) AS profit,

oi.status AS transaction status,

o.order_id IS NOT NULL AS 1s order created, faCt_transaCtion
oi.shipped at IS NOT NULL AS is shipped,

oi.delivered at IS NOT NULL AS is delivered, The transaction data IS
oi.returned_at IS NOT NULL AS is_returned, combined from mu|tip|e

o.num_of item

tables (order_items, products,
and orders) to form the
fact_transaction table.

FROM bigquery-public-data.thelook ecommerce.order items oi
LEFT JOIN bigquery-public-data.thelook ecommerce.products p ON ol.product id = p.id

LEFT JOIN bigquery-public-data.thelook ecommerce.orders o ON oi.order_id = o.order_id;
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-- query data for dim user

SELECT

-- query data for dim product

SELECT

id AS user_key, id As product key,

first name || * " || last name AS customer name, name,

age, brand,
gender, category,
state, department,
city, retail price,
country,

cost

traffic_source FROM bigquery-public-data.thelook ecommerce.products;

FROM bigquery-public-data.thelook ecommerce.users;

dim_user dim_product

This query builds the dim_user table by
selecting user ID, full name, age,
gender, location, and traffic source
from the users table to create detailed
customer profiles.

This query creates the dim_product
table by extracting product ID, name,
brand, category, department, retail
price, and cost from the products
table.




-- query data for dim date

WITH unique dates AS (
SELECT DISTINCT DATE(created at) AS transaction date
FROM ~bigquery-public-data.thelook ecommerce.order items’

)

SELECT
FORMAT DATE( "%Y%mid', transaction date) AS date key,
transaction date AS full date,
EXTRACT(YEAR FROM transaction date) AS year,
EXTRACT(QUARTER FROM transaction date) AS quarter,
EXTRACT(MONTH FROM transaction_date) AF month,
EXTRACT(WEEK FROM transaction date) AS week,
EXTRACT(DAY FROM transaction date) AS day,
FORMAT DATE('%B', transaction date) AS month name,
FORMAT DATE('%A", transactlon date) AS day name,
CASE

WHEN EXTRACT(DAYOFWEEK FROM transaction date) IN (1, 7) THEM TRUE
ELSE FALSE

END AS 1is weekend

FROM unique_dates

ORDER BY transaction date;

&% HACKTIVS

Extract

dim_date

This query generates the dim_date
table from unique transaction
dates, adding fields Ilike year,
month, week, day, month/day
names, and weekend indicator.
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Transform

root

|-- date_key: integer (nullable = true)
-- full_date: date (nullable = true)
-- year: integer (nullable = true)
-- quarter: integer (nullable = true)
month: integer (nullable = true)
-- week: integer (nullable = true)
day: integer (nullable = true)
-- month_name: string (nullable = true)
day_name: string (nullable = true)
-- is_weekend: boolean (nullable = true)

| -- transaction_id: integer (nullable = true)

-- order_id: integer (nullable = true) |

-- user_id: integer (nullable = true)

-- product_id: integer (nullable = true) |

-- date_id: integer (nullable = true)

-- sale_price: double (nullable = true) |
|
|
|
|

Checking Data Types

Based on the analysis, the data types of

all attributes In each DataFrame are
-- cost: double (nullable = true)

-- transaction_status: string (nullable = true)
-- is_order_created: boolean (nullable = true)
-- is_shipped: boolean (nullable = true)

-- 1is_delivered: boolean (nullable = true) \_

assigned. Therefore, no data type

conversion or modification is necessary.

-- is_returned: boolean (nullable = true)

The current format is suitable for further

|
|
|
|
I
already appropriate and  correctly I profit: double (nullable = true)
|
|
|
|
|

-- num_of_item: integer (nullable = true)

. : y, .
data processing and analysis. |-- user_key: integer (nullable = true)
) -- customer_name: string (nullable = true)

-- age: integer (nullable = true)

-- gender: string (nullable = true)

-- state: string (nullable = true)

-- city: string (nullable = true)

-- country: string (nullable = true)

-- traffic_source: string (nullable = true)

|
|-- product_key: integer (nullable = true) |
|-- name: string (nullable = true) |
|-- brand: string (nullable = true) |
|-- category: string (nullable = true) |
|-- department: string (nullable = true) |
|-- retail price: double (nullable = true) |
|-- cost: double (nullable = true)
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Transform

Missing wvalues in 'fact transaction':

|transaction_id|order_id|user id|product_id|date id|sale price|cost|profit|transaction_status|is_order created|is_shipped|is_

delivered|is_returned|num_of item|

e R e it +----—-- Fo-mmmmmm - e Fo-mmmm - R e T e e e e it Fommmmmm - - +---
————————— dmmmmmmmm—m b mmmm—— - -}

I 0| ol el 0 el ol @] o e ol o

ol ol ol

Fommmmmmmm o +-mmm - - Fmmmmmmmm - o Fommmm - R TR e e dommmmm - +---
————————— Fommmmmmm—m b mmmm—— - -}

Missing wvalues in "dim_product’':

- T R — R e 4o f--——4
|product_key|name|brand|category|department|retail price|cost]|

Fommmm - e e Fommmm Fmmmmm - Fmmmmm e +--——4 ° ° °

| ol 2| 2l o 0 ol ol Handling Missing Value
o . T b . ot

All dimension and fact tables, fact_transaction,

Missing wvalues in 'dim_user':

+-mmm— - o mm - s +-—--- R T Fommm e +
|user _key|customer name|age|gender|state|city|country|traffic_source| dlm_user, and dlm_dateconta|n NoO mISS|hg Va|ueS
Fommm - - oo oo e - Fomm e m - Fommm oo +
| ol of el o o o | ol and are ready for analysis, while dim_product has
Fommmm - Fommmm s +-—--- Fommmdm—mm - Fommm e -

less than 30% missing values per column, which are

Missing values in 'dim_date':

N P N N R N N addressed through imputation to ensure data

|date_key|full date|year|quarter|month|week|day|month_name|day name|is_weekend|

+-—------ +--------- R +--=-== B e it e +-------- R +
completeness.
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Transform

Mo duplicate rows found.
After Checking and Dropping Duplicate Rows: .
rAnNeCking ) Mo duplicate rows found.

T — i
----- T T e P LT PP e ST T PP SR L LR PSS After Checking and Dropping Duplicate Rows:
|transaction_id|order_id|user_id|product_id| date_id| sale_price| cost| profit|transaction_s P e . fom o fomm e o +
tatus|is_order_created|is_shipped|is_delivered|is_returned|num_of_item| . .
4zszzsszszzziss gzzzzzzzc gmszzzzs R gz=szzozc $szzzzszsszzsscssas P —— O —— PO |user_key| customer name|age|gender|state|city|country|traffic_source|
B T e e ST
Fommmmmmn e s T o= Rt TP fommmmmmmm—aan +

| 177152| 122168| 98869| 14235| 28250412 | ©.9199999995529651 | 8. @AE2999997779726 | 9. 11699999774992502 | canc . .
elled| true| false| false| false| 1| | 2s875|clifford Johnson| 36| M| Acre|null| Brasil]| Search|
|l " 28849 tlgs:lfel 15:?1|| 1423:|zaTaaszg|$.?19?9999955295?‘T|a.993299999???9?25|e.911699999??d992592| Com | 97806 | Angela Lopez| 50| F| Acre|null| Brasil| search|
plete rue rue rue alse -
[ 27428  18901] 15036] 14235 | 20240514 | 0. 8199999995529651 | 0. 0082999997779726 | 0. 811699999774992502 | Proce | 41816] Susan Kelley| 55| F| Acre|null| Brasil| Search|
Tﬁmgl | true|I fahil faFel Ifﬂsel 1|I | | . | 82351|Jacqueline Zhang| 62] F| Acre|null| Brasil| search|

70317|  54742| 43944 1423520250203 | 0.0199999995529651 | 8. 8982099997779726 | 0. 8116999997 74992502 s . .
faped] e e falise| fitee] 3| | 7e916| Marie Parker| 66| F| Acre|null| Brasil| Search|
| 158000| 108931| 87429 14235 | 28250118 | 6. 9199990995529651 | 8. 6A82999997779726 | 8. ©11699999774992502 | sh A —— fsssssssss=sSss=s TR A ——— gs==== P —— §s==s===s==s==== +
ipped| true| true| false| false| 3 .
. e . P R ] P e P only showing top 5 rows
Bt S et S e St

only showing top S rows
No duplicate rows found.

After Checking and Dropping Duplicate Rows:
No duplicate rows found. g pping Uup

After checking and Dropping Duplicate Rows: N T M M T A O M
e P . PO . P PO . |date_key| full_date|year|quarter|month|week|day|month_name|day_name|is_weekend |

roduct ke name | brand category|department retail price cost I N O Hoomes S N e +
1? ______ f__?l ____________________ l _____ 1 _______ %__?l__? _______ l ____________ f?____l __________________ l |2ze190110 | 2019-01-10|2019| 1] 1| 1| 1e| 3January|Thursday| false|
| 13842 |Low Profile Dyed ...| MG|Accessories| Women | 6.25| 2.518749990849756)| |20190111|2019-61-11|2019| 1 1| 1] 11| January| Friday| false|
| 13928|Low Profile Dyed ...| MG|Accessories| Women| 5.949999809265137 |2.3383499148894105 | |20190117|2019-01-17| 2019 1 1] 2| 17|  January|Thursday| false|
| 14115|Enzyme Regular So...| MG|Accessories| Women|10.989999771118164| 4.879559879379869 |20190118|2019-01-18| 2019 1] 1| 2| 18] January| Friday| false|
| 14157 |Enzyme Regular So...| MG|Accessories| women | 18.989999771118164| 4.648769887297898 | | 20190122 | 2019-01-22|2019| 1] 1| 3] 22| January| Tuesday| false|
| 14273|wWashed Canvas Ivy...| MG|Accessories| Women |15.989999771118164| 6.507929886473045 | Fessss=ss fsssssss=as cabbbs S kess=s Fesssfsssfssssssssss Fes=sss2=s Bessssss2=24
e e O Fommm e e e Frmmm e e + only showing top 5 rows

only showing top 5 rows

Handling Duplicate Data

All

tables,

fact_transaction,

dim_user,

dim_date,

and

dim_product, have been validated and are free of duplicate

rows, ensuring high data quality and reliable foundation for

analysis and modeling.




Load Data

1O
<& public

/2 product_key character varyi

ng(255)

ﬂ name character varying(25

3)

ﬁ brand character varying(25

5)

H category character varying

(255)

ﬂ department character varyin

9(255)

A retail_price numeric(10,2)

H cost numeric(10,2)

@.
< public

E3 dim_date

/2 date_key character varying
(8)

full_date date

year integer

quarter integer

month integer

week integer

day integer

D OD (O | (OD | D | D | D

month_name character varyi
ng(20)

A day_name character varying
(20)

7 is_weekend boolean

9 dim_product

_I_

©
<& public
5 fact_transaction

/2 transaction_id character var
ying(255)

ﬁ order_id character varying(2
55)

user_id character varying(25
3)

product_id character varying
(255)

date_id character varying(8)

sale_price numeric(10,2)
cost numeric(10,2)

profit numeric(10,2)

D | ID  CID | dD

transaction_status characte
r varying(50)

is_order_created boolean
is_shipped boolean
is_delivered boolean

is_returned boolean

0D 0D OD OO D

num_of_item integer

| £
(255)

Se

10
<& public
B dim_user

user_key character varying

E] customer_name character v
arying(253)

[ ageinteger

ﬁ gender character varying(5
0)

[ state character varying(100)

Ij city character varying(100)

H country character varying(1
00)

ﬁ traffic_source character var
ying(100)

&% HACKTIVS




W potdmin 4

File Object Tools Edit View Window Help

@ Welcome &% gcb/postgres@PostgreSQL 17* X

& geb/postgres@PostgreSQL17
m A A

B .
Query Query History

B
Data Qutput  Messages Notifications

S BvOva 8 &

Y ~ HNolimit b

SELECT % FROM fact_t

ransact 'i(.'lf'l:

A Sl

transaction_id y order_id y user_id ; product_id ; date_id o sale_price ’ cost s F
[PE] character varylng (255) character varying (255) character varying (255) character varying (255) character varying (8) numeric (10,2) numenic (10,2) T

1 122636 24643

2 141560 97623

3 179754 123936

4 12033 2928

3 28746 19803

6 46068 31834

7 46117 31873

8 56322 IBRAT

9 73379 0669

10 78175 53046

11 85229 58793

12 86093 G0027

13 96213 66333
# Total rows: 180753  Query complete 00:00:00.614
W poAdmin 4
File Object Tools Edit View Window Help
”e Welcome §§ gcé/postgres@PostgreSQL 17 X
s & geb/postgres@PostgreSOL 17

m a8~ A Y ~ Nolmt -
63

Query Query History
TR
Data Qutput Messages HNotifications

S RvOve & *

usar_key

SELECT * FROM dim_user;

A S0l
customer_name

age
[PK] character varying (255) (4 eharacter varying (255) 4 integer 4

1 250735 Clifford Johngson
2 T4043 Elizabeth Ritter

3 9TEOE Angela Lopez

a4 16152 Christy Contreras
5 86282 Jessica Sanchez
] 95476 Angela Davis

7 73574 Audrey Williams
-] 93486 Diana Esparza

9 46160 Emma Washington
10 z20m Frederick Morgan
11 41816 Susan Kelley

12 48T Lindsay Mckee
13 82098 Juan Gordon

ﬂ Total rows: 100000  Query complete 00:00:00.238

67821
78245
99455
T059
15727
25345
25374
anzs
40641
43281
47174
48170
s5an

36
47
50
a7
56
36
50
36
33
7
55
35
S8

19195
20067
19195
20388
21762
21762
20067
19195
21993
20067
20067
20039
20145

state

/  Scratch Pad X

Showing rows: 1101000 # Page Mo: 1

20240219
20220906
20240725
20250204
20250430
20250314
20230123
20230222
20211227
20241005
20230908
20240428
20210309

e

49.88
49.88
49.88
4988
49.88
49.88
49.88
4988
49.88
49.88
4988
49.88
49.88

Scratch Pad X

Showing rows: 1to 1000 #  Page No: 1

of 18

24.89
20.40
24,89
17.66
20.75
20.75
20.40
24 89
22.60
20,40
20.40
2.0
181

of 10

character varying (50) ’ character varying (100) L4 gnn«m (100) s character varying (100) s

M
F
F

n

m m om

AR N 4

Acte
Ohig
Acre
Ohio
Ohia
Ohig
Ohig
Ohio
Ohio

Ohig

Ohig
Thio

mull

Nedion

null

Norton

Shaker Heights
Shaker Heights
Shaker Heights
Shaker Heights
Shaker Heights
Shaker Heights
null

Akron

Akron

Bragil

United States
Brasil

United States
United Stanes
United Stanes
United States
United States
Unined Stanes
United Stanes
Brasil

United States

United States

¥ potdmin 4

File Object Tools Edit View Window Help

L H Welcome 8§ gcé/postgres@PostgreSaQL 17* X

s & geb/postgres@PostgreSQL 17
m A~ A

[Em| i
Query Query History

cE
Data Qutput  Messages Motifications

= mvOve & ¢

Y ~ HNolimit -

SELECT * FROM dim_product;

A S

product_key ’ name
[PK] character varying (255) character varying (255)

B

oo~

|

Enzyme Regular Solid Army Caps-Olive W358450 (One Size)

4 Panel Large Bill Flap Hat W1 55488 (One Size Fits Most/Khaki)

1 13842 Low Profile Dyed Cotton Twill Cap - Navy W39555D
2 135928 Low Profile Dyed Cotton Twill Cap - Putly W395550
3 14115 Enzyme Regular Solid Army Caps-Black W35S450
4 14157

5 14273 Washed Canvas lvy Cap - Black W11564C

] 15674 Low Profile Dyed Cotton Twill Cap - Navy W395550
i 15816 Low Profile Dyed Cotton Twill Cap - Putty W395550
8 28646

9 28670 Low Profile Dyed Cotton Twill Cap - Black W395550
10 28714 Low Profile Dyed Cotion Twill Cap - Khaki W395350
11 28779 Fishing Hat (01)-Khaki W10832F

12 28004 Fashion Plaid vy Cap - Blue W10S69F

13 29007

Washed Hunting Fishing Outdoos Hat-Cameo W115410

# Total rows: 29120  Query complete 00:00:00.243

W pafdmin 4

File Object Tools Edit View Window Help

L H Welcome 5§ got/postgres@PostgreSQL 17* X

s & geb/postgres@PostgreSQL 17 v B
mBAa~v A Y v HNolmt ~ B b+ F~ B 0 v S B =~

B .
Query Query History

r_’E 1 SELECT * FROM dim_date;
Data Qutput  Messages Mofifications
S B0+ 8 8 &~ so

datn.leoy |l | || (e [CRER || (eeek | e
[PK] character varying (2) date integer integer integer integer integer

1 20190110 2019-01-10 2019 1 1 1 10
2 2019011 2019-01-11 2019 1 1 1
3 20190117 20190117 2019 1 1 2 17
4 20190118 2019-01-18 2019 i 1 2 18
5 20190122 2019-07-22 2019 1 1 3 22
6 20190123 2019-01-23 2019 1 3 23
7 20190124 2019-01-24 2019 1 1 3 24
] 20190127 2019-01-27 2019 i 1 4 27
9 20190128 2019-01-28 2019 1 1 4 28
10 20190129 2019-01-29 2019 1 4 29
11 20190204 2019-02-04 2019 1 2 5 4
12 20190205 2019-02-05 2019 1 2 5 5
13 20190206 2019-02-06 2019 1 2z 3 6

Query complete 00:00:00.205

ot yens || Sayne=s | | Miaveatand
character varying (20) character varying (20) boolean

January
January
January
January
January
January
January
January
January
January
February
February
February

's

Showing rows: 1101000 #  Page Mo:

Vs

s

Showing rows: 110 1000 # Page No:

Thursday
Friday
Thursday
Friday
Tuesday
Wednesday
Thursday
Sunday
Monday
Tuesday
Monday
Tuesday
Wednesday

false
false
falze
false
false
false
falze
true

false
false
false
falze

false

P

Scratch Pad X

1

MG
MG
MG
MG
MG
MG
MG
MG
MG
MG
MG
MG
MG

Scratch Pad X

of 3

brand
character varying (25

&% HACKTIVS

Load

The dataset has been
successfully integrated into
PostgreSQL as a data
warehouse, enabling
efficient seamless
analysis.

and
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Example of Data Warehouse Usage
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SELECT
dp.name AS product_name,
- SUM(ft.profit) AS total_profit
WhICh generated FROM fact transaction ft
the ? JOIN dim_product dp ON ft.product_id = dp.product_key
GROUP BY dp.name
The North Face Apex Bionic Soft Shell Jacket - Men's’ ORDER BY total profit DESC
recorded a total profit of 9,174.47, making it the most LIMIT 1:
profitable product.
product_name a total_profit a8
character varying (255) numeric

1 The North Face Apex Bionic Soft Shell Jacket - Men's 9174.47



Which has
the of
transactions?

China recorded the highest number of

transactions, totaling 60,891, making it the
most active country in the dataset.
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SELECT
du.country,
COUNT(ft.transaction_1id) AS total transactions
FROM fact transaction ft
JOIN dim user du ON ft.user_id = du.user_key
GROUP BY du.country
ORDER BY total transactions DESC
LIMIT 1;

country a

total_transactions &
character varying (100)

bigint

1 China 60891



What is the
over the year?

The analysis shows fluctuating monthly sales in 2025,
with a peak in April at 673,711.19. February had the
lowest sales, indicating potential for improvement or
further investigation.

40

&> HACKTIVS

SELECT

dd.year,

dd.month,

dd.month_name,

SUM(ft.sale_price) AS total_sales
FROM fact transaction ft
JOIN dim_date dd ON ft.date_1id = dd.date_key
WHERE dd.year = EXTRACT(YEAR FROM CURRENT_DATE)
GROUP BY dd.year, dd.month, dd.month_name
ORDER BY dd.month;

year a _munﬂ'l a month_name | a tntaLs_ales a
integer integer character varying (20) numeric
1 2025 1 January 442026.66
2 2025 2 February 417630.86
3 2025 3 March 233005.98
4 2025 4 April 673711.19
5 2025 5 May 431135.83



What is the a\
per transaction

The analysis shows that male users have a higher average
profit per transaction (32.87) compared to female users

(29.01). This suggests that transactions by male users tend
to generate slightly more profit.

&> HACKTIVS

SELECT

du.gender,

ROUND (AVG(ft.profit), 2) AS avg_profit_per_transaction
FROM fact _transaction ft

JOIN dim_user du ON ft.user_id = du.user_key
GROUP BY du.gender;

gender a avg_profit_per_transaction a
character varying (50) numeric
1 F 29.01

2 M 32.87
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SELECT
dp.name AS product_name,
COUNT(ft.transaction_id) AS total_transactions,
o SUM(CASE WHEN ft.is_returned THEN 1 ELSE @ END) AS returned_transactions,
Which prcd UCE NAasS e e v o e min 1 ei5e o o)+ to0-6 ) cONTf1.transaction 1), 2

AS return_rate_percentage

’ FROM fact_transaction ft

o JOIN dim_product dp ON ft.product_id = dp.product_key

GROUP BY dp.name
HAVING COUNT(ft.transaction_id) > 1@

The product with the highest return rate is 7 For All  oroer 8y return_rate_percentage pesc

. . . . LIMIT 5;
Mankind Women's The Skinny Jean, with a return rate

. . . . . . . . product_name a total_transactions 8 returned_transactions a return_rate_percentage 8

of 46.67%, indicating potential issues with fit, quality, character varying (255) bigint bigint numeric
. 1 7 For All Mankind Women's The Skinny Jean 15 7 46.67
or CUStomer eXF)eCtatlons' 2 Calvin Klein Sportswear Men's Dobby Two Tone Dylan Pant 13 6 46.15
3 Carhartt Men's Waterproof Breathable Acadia Pant 13 6 46.15
4 Hanes Sport Women's No Show Socks 6 Pack # 418/6 11 3] 45.45
5 Mango Women's Velvet Short Jumpsuit - Ginette 14 6 42 .86
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