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SQL for Data Science Capstone Project:
Milestone 4 Peer-graded Assignment:
“Your Findings (Storytelling)”

Please find my answers to the assignment questions in Verdana and blue.

Review criteria

Your presentation will be a culmination of the other milestones you completed in this project-based course. You will create
your presentation using any media you choose and use the Rich Text Editor feature to submit your presentation.

For presentation ideas:

e Look at DataBricks and markdown (notebooks)
e Visualizations ... raw data Infographics

e Presentation Styles / Audiences

e Reference SQL output vs. visualizations

Your presentation must include:

Build on Project Proposal

Build on your project proposal (from Milestone 1) that described the client or dataset you chose, the approach you were
going to take, your initial hypotheses, and your initial approach. Include descriptive stats and any visualizations from your
data exploration. You want to highlight key learnings from your data exploration and any Aha’s or changes to your plan as a
results of your findings:

For a quick recap, I chose to use the Yelp dataset which can be found here https://www.yelp.com/dataset.
I also used the following Python libraries to create data frames for and query the data using SQL.

import pandas as pd
import numpy as np
from matplotlib import pyplot as plt

from pandasgl import sqldf
pysqldf = lambda q: sqldf(q, globals{))

In particular I wound up using the ‘review’ table from the dataset as I believed it could provide useful
insight on how customers appreciate and evaluate certain businesses. However, the review table was
almost 7 million rows, so I had to break the table up into “chunks” as I kept running out of memory trying
to store the entire table into one data frame. I also chose to store these chunks into an array so that they
could be more easily accessed and evaluated. See below for code and initial data exploration.

chunks = []
for chunk in pd.read_json{r"yelp academic_dataset_review.json", lines=True, chunksize-20822a):
chunks .append( chunk)

Xx=8
for chunks[x] im chunks:
print (x, chunks[x].shape)
X +=1;
primt{"Total rows:",{x-1)*len{chunks[@])+len({chunks[x-1]), "Total chunks:", X}

o (200208, 3)
1 (200208, 3)
2 (2002008, 9)
3 (200208, 3)
4 (200208, 3)
S (2002008, 9)
& (200208, 3)
7 (200208, 3)
£ (200208, 3)
5 (200208, 9)
12 (280000, 9)



https://www.yelp.com/dataset

11 (2@ga@sd, 2)
12 (282008, 2)
13 (2@ge8d, 2)
14 (Iega@d, 9)
15 (228888, 3)
16 (282888, 2)
17 (2@aa03, 2)
18 (2@ge8d, 9)
19 (Zage8d, 2)
8 (Ieg@pe, 9)
21 (2e2@08, 2)
22 (22geed, 9)
23 (222002, 2)
24 (2ege82, 9)
I5 (I@gand, 9)
26 (222008, 2)
27 (2¢a@08, 2)
28 (2@ge@3, 2)
25 (220882, 3)
@ (2egasd, 9)
31 (e@a@sd, 9)
32 (222008, 2)
33 (2ege82, 9)
34 (1%@2%8, 9)
Total rows: 6328288 Total chunks: 35

As you can see, even after breaking up the table into chunks of 200,000 rows each, there still ended up
being 35 data frames/chunks.

For my analysis I chose chunk 12, my birthday is 12/12 so I am partial to the number.

chunk_12 = chunks[12]

chunk_12.,info(}

<class 'pandas.core.frame.DataFrame’ >
Rangelndex: 208280 eniries, 2408808 to 2599999
Data columns (total 9@ columns):

#  Column Mon-Mull Coumt  Dtype
2 review id 2g@882 non-null object
1  user_id 2ea608 non-null object
2 business_id 2e@882 non-null object
3 stars 220082 non-null intes
4 useful 2g@@88 non-null intes
5  funmy 2g@882 non-null intes
& cool 220083 non-null inted
7 text 2ea808 non-null object
8 date 2ga008 non-null datetimesa[ns]

dtypes: datetimes4a[ns](1), intea(4), cbiecti{4)
memory usage: 13.7+ ME

Per the screenshot above, we can see that the review table is comprised of 9 columns, containing certain
the primary key ‘review_id’, the foreign keys ‘user_id" and ‘business_id’, and then several fields describing
the review. Below is a snippet of the data within these fields.

pysqldf("""SELECT * FROM chunk_12""").head(5

review_id user_id business_id stars useful funny cool text date

We were grested nicely and seated right awsy. The table was right near the front door and it was cold. The menu
5eems to be obsessed with garic. Try to find something hot that doesn't have arifical garlic sprinkled on top. My 2013-02-14
0 hSax{-vuBLECANSELEbzw  aqDclzgMIFzlU-ScibTHUw  OX2rQUHO kalkTiuTwr Tg 1 0 00 shrimg were very good, but my fries were covered with garfic seasoning. Their seasoning has a very bitter taste. | 4, oS0 P ions
burped garfic all night \The music was se loud, | could not have conversation with my hubby. Could not wait to getout =
of there. 'nSenice was good.

Had a wenderful ibeye and great ssrvics. The regulars at Southside Cigars recommended La Tratioria when | asked 2016-08-10
1 WUOOhn1GnORdfMimngVup bxTEpDAbmAXEAxmElhfm g f2YXWEsASmIAHZIpSYSw 5 0 0 0 whers | could 3=t 3 steak wihout going downtown. They were right on the monsy The steak was prepared 3s lasksd o S0 B
and flavored well. Would go back nesxt time near Indy. A

e went to City House with high expectations following several rave reviews from friends. My girffriend and | had 7:45

reservations on a Thursday might ready for a spectacular meal, great drinks and fine service. We were seated

promgsly and were quickly greeted by the serves. Sadly, that was the first and last time our server was quick and

attentive about anything. We ordered cocktails and waited about fifteen minutes before we received them. Ve then

ordered several things to share including the frice. zucchini, rigatoni with duck. gnocchi and clamsioctopus. We also

ordered 3 bottle of wine to share. The wine took a full 20 minutes te arrive at our table. The foed was promptly served

by food runners. The frico, zucchini and gnocehi were phenomenal {though the grocchi had a meat sauce, not

indicated on the menu, se inedible for my vegetarian friend, she ordered pizza instead). The rigateni was terribly

oversahted though (and | e my sak), so we had o send that back. The clams and ociopus were also underwhelming

and terribly salty. \n\nBy the middle of the evening, my friend and | wese starting to wonder if perhaps we just weren't
. e 9 «cool enough for the hipster vibe of City Houss to deserve great service as the tables adjacant and behind us weanz -06-18
2 auRdwhwgRi7JsDOKVDorA. - TEDIqRI2MRANSOZLZC U XoSLirtxs3iBnti-xiCzrQ 2 1 0 0 seated. served and out the door after we had arrived and long before we had even ordered after dinner drinks and ~ 20:42:21.000000

dessert. Once we did order that Last ime cur drinks took another 10 minutes and dessert never armived. We sat at the

table with empty glasses for a full 30 minutes. We tried to flag down cur waiter but he was nowhere to be found.

Finally, we just got up and asked a hostess if she could help us s p. The server then came over to awkwardly

provide excuses (thinking we were just enjoying our (clearly emgty) drinks and didn't hesr us when we ordered

deszert), and the manaper was apologetic and did remove the rigatoni from the check. | understand servers land in

the weeds” sometimes and there was a large table that came in halfway into our time there, but if he had simply asked

for some support. we would have likely ordered more and he would have had a more lucrative evening for himsaif and

his restaurant. For the innovative cocktails, unique wine lst, pizzas and fresh fare made with seasonal veggies, I'd be
2ager to give them ancther shot, but when service is that paor, it unfortunately casts  pall over the entire expenience,
making it an oversll disappointment.




e Include Client/Hypotheses/Approach - fictional coffee company CoffeeKing, using the Yelp dataset I
formed the hypothesis that the ‘text’ field for a review within the review table would have a
relationship with the number of ‘stars’ for that review, which is essentially the rating a user is
giving a business, and that the fictional client could leverage this relationship for business decision

making.

e Include artifacts from previous modules - A/B testing from course 2 in the specialization “Data

Wrangling, Analysis and A/B Testing with SQL".

e Include results (good and bad paths); Correlations / regressions — As can be seen in the insights discovered
section below correlations were discovered between several keywords in the text of a review and

the number of stars for said review.

e Graphics/Visualizations — Please see the insights discovered section below.

Discuss Insights Discovered

Discuss insights discovered (results from your diving deeper / going broader analysis). This is where you put your spin on

what you’ve discovered.

e Discuss your hypotheses and any direct outcomes from whether you were right or wrong. Did you change your

hypotheses? Or create new ones?

One of my original hypotheses was that certain keywords, typically those with a positive connotation, used
in a review would correlate with a positive rating (number of stars). As we can see below, the average
number of stars for reviews containing the words ‘friendly’, ‘clean’, or ‘tasty’ is higher than the baseline
average number of stars for a population of 200,000 reviews. Please see screenshots below.

Here is a comparison of the average stars for all reviews and
then the average number of stars for reviews that contain
the word *friendly’, but I also made sure that it did not
contain reviews that had the word combinations ‘not friendly
or ‘wasn’t friendly’ or ‘weren’t friendly’.

I

Here is the average and coding used for the keyword ‘clean’.

Here is the average and coding used for the keyword ‘tasty’.

pysgqldf ("""
SELECT Awva{stars) As avg stars,
AVG(CASE WHEN text LIKE 'Efriendly®
AMD text NOT LIKE "Xnot friendlyX'
AND text MOT LIKE "3n't friendlyX"
THEM stars EMD) AS avg friendly_stars
FROM chunk_12

mrny

awg_stars  avg_friendly_stars

D 3717745 4311180

IJ}"SI:I ld_F{ll "
SELECT Ava{stars) AS avg stars,
AVG(CASE WHEN text LIKE "¥Ecleank'
AWD text WOT LIKE “Xnot cleani'
AWD text WOT LIKE "%n't cleani"
THEM stars END) AS avg _clean_stars
FROM chunk_12

)

awg_stars avg_clean_stars

0 3717745 1.876067

pysqldf(™""
SELECT Aava({stars) AS avg stars,
AVGICASE WHEN text LIKE 'FtastyX'
AMD text MOT LIKE ‘Xnot tastyi
AMD text MOT LIKE "Xn't tastyi
THEN stars END) AS avg_tasty _stars
FROM chunk_12

iy

awg_stars avg_tasty_stars

0 3717745 4085512




e Discuss any metrics you created and why?
Yes, I created a binary metric called ‘good_rating’, which returns a 1 if the number of stars for a review is
4 or higher, and a 0 if it is not. This rating classification is ultimately subjective in nature, but given that
the maximum number of stars 5, I felt that most people would consider 4 or more stars as good, and
anything less than that would be an average or bad rating. I also made an additional metric that was
modified for each keyword, it basically was a column stating whether or not the keyword I was looking for
was contained within the text for a review. Below is a screenshot of these metrics being added to a table
for the ‘friendly’ keyword.

ars, text, r id,

ASE WHEN text LIKE 'Xfriend
AND text WOT LIKE "not
AND text NOT LIKE

THEN "Text has 'fr have 'friendly'"™ EMD AS friendly,
ASE WHEN stars >= 4 THEN 1 ELSE @ END AS
nk_12
-head({s)
stars taxt review_id  friendly good_rating
We were grested nicsly and seated right away. The table wias right near the front door and it was cold. The menu se=ms to be obs=ssed with garfic. Try to find something hot that dossn't have anificizl garic sprinkisd on top Tt doss
0 1 My shrimp were very good. but my fries were covered with garlic s=asoning. Their s=asoning has 3 very bitter tast=. | burped garlic all night.inThe music was so loud. | could not have conversation with my hubby. Could not  hvSaxi-vuBLEcANSBLEbzw ot have 0
wait to get out of there. nService was good riendly’
) . - . . Text does
Hadl 3 wondrful ribye and great senvice. The regulsrs st Southside Cigars recommendad La Tranoris when | ssked whers | could get 3 steak without going downtown. They were right on the money. The siesk was praparsd - -
L : - 32| 2zkad 2n3 flavored wall Would go b2k naia ime near Ingy, Y0071 30RdfGImaglug "f'l‘E;;‘l‘; 1
e went to City House with high expectations following several rava reviews from friends. My giririend and | had 7:45 resenvations on 3 Thursday night ready for a spectacular mesl, grest drinks and fine service. We were
seated promptly and were quickly greeted by the server. Sadly, that was the first and | = our server was quick and attentive about anything. We ordered cocktails and waited about fifteen minutes before wie received
them. We then arderad several things to shar including th frica, zucchini, rigstoni with duck, gnocchi and clamsloctopus. We also ordered a boftle of win to share. The wine ook a full 20 minutes to arrive at our fable. The
food was promptly s=rved by food runners. The frico. zucchini and gnocchi were phenomenal (though the gnocchi had a meat sauce. not indicated on the menu, =a inedible for my vegetarian frisnd, she ordered pizza
). The rigatoni was temibly oversakied though (and | like my salt). so we had to send that back. The clams and octopus were also undenwheiming and terribly salty. ininSy the middie of the evening, my friend and | were Taxt doss
a o to wonder f perhaps we just weren't cool enough for the hipster vibe of Cr i ent and behind us were seat=d. serusd and cut the d erwe had AMVed and 100G oo oo e e g
< vefora we had even ordered aher dinner drinks and dessen. Once we did dessert never amived. We sat at the tabie with empty glssses for a full 30 minutss. Ve i iy
tried to fiag down our waiter but he was nownere to be found. Finally, we + us settie up. The sarver then oame over to awiuwardly provide excuses (fhinking We were just
enjoying cur (clearly empty) drinks 2nd didn't hear us when wie ord jessent], and the manager was apologetic and did remove the rigatoni from the check. | understand servers land “in the weeds” sometimes and thers
was = large tsble that came in halfway into our fime there, but i he had simply asked for some support, we would have likely ordersd mors and he would have had a mors lucrative evening for himself and his restaurant. For
the innovative cockiails. unique wine list, pizzas and fresh fars mads with seasonal veggies, |'d be eager to give them another shot. but when service is that poor, it unfortunately casts 2 pall over the entire sxperisnce. making
t an overall disappointment
3 5 Just bought an incredible piece of ciothing- 3 o3t dress! Wonderful and friendly adies here. Great and unique selection. Can't wait to come back!  De_etyS\WawS_FIMKW3Eiddg 1;?;5‘; 1
I'm here seversl times 3 week if not more. Food i very good. Remember this sn't fine dining, s casual bresktast and lunch. Impressed how verything & fresh vs frozen. Omalenes Isrge 3nd fufly; not cocked on 3 flat top
A ~ and folded. Food iz pratty consistent with quakty and portion sizes. \ninStaff vary friendly though | can sdmit ane or two might not make the bast first imprazsion but all fins now. \ninit &= NOT racst and they domet hava 3 oo ooy Taxthas J
*  confederste flag on displsy. Im gay and newer have | feft uncomfortable betwesn staff or customer. Yeah, you se= a MAGA hat at times but youll also s== anti trump Vistnam ve tics s not the reason folks come here; 7 e rindly’

it's far the Tood. IninGreg the owner is a nice guy. He's very visible and enjoys siting dowin for & cup of cafiee with his regulars.

e Discuss discoveries about relationships in the data / themes discovered.
I used these metrics to create AB testing for each word, and then used the results of that testing and
plugged them into the AB testing GitHub site, https://thumbtack.github.io/abba/demo/abba.html, we used
in the second course in this specialization. I also used the results from the A/B testing to create 100%
stacked bar charts for each word so it would be more visually apparent how much the portion of reviews
with certain words had good ratings compared to reviews without those words.

Here are the AB testing results for the ‘friendly’ keyword.

pysglaf(n"
SELECT
friend
COUNT
SUM(g
FROM
{SELECT stars, text, review id,
CASE WHEN text LIKE 'Xfriendlyi®

AND text NOT LIKE ‘¥mot
D text NOT LIKE "

"Text has

ve 'friendly'™ EMD AS friendly,

friendly reviews goodratings

0 Text does not have ‘friendly’ 172303 108028

1 Text has ‘friendly’ 27807 23008
Label Number of successes Number of trials
Baseline 109028 172303 Remove
Variation 1 23098 27697 Remove

Interval confidence level:
095 Use multiple testing correction

Add another group

Successes Total Success Rate p-value Improvement
Baseline 109,028 172,303 63% -64% p—mm™ 8+ — _
(63%)

Variation1 23,098 27,697 83%-84% ———H+ <0.0001  31%-33%

(83%) (32%)



https://thumbtack.github.io/abba/demo/abba.html

Here is the stacked bar chart, and its code, for the ‘friendly’ A/B testing.

frdf = pysgqldf{"""
SELECT
friendly,
{SuM({good_rating)/CAST{COUNT{review id) As float) + (COUNT(review_id) - sum{good_rating))/CAST{COUNT(review id)
AS fleat))*1ee AS total portions,
SUM{good_rating)/CAST({COUNT(review_id) AS fleat)*18eé AS goodratings_portion,
(counT{review_id) - swM({good_rating))/CAST(COUNT (review_id)} AS float)*12e AS notgoodratings_perticn
FROM
{SELECT stars, text, review id,
CASE WHEN text LIKE 'Efriendly®’
AND text MOT LIKE '%not friendly®"
AND text MOT LIKE "¥n't friendlyx"
THEN "Text has “friemdly'" ELSE "Text does not hawve 'friendly'"™ EMD AS friendly,
CASE WHEN stars »= 4 THEN 1 ELSE @ END' AS good_rating

FROM chunk_12} AS test
GROUP BY friendly™"");

fraf
friendly total_portions goodratings_portion  notpeodratings_pertion
0 Text does not have ‘friendly’ 100.0 §3.273002 36.722008
1 Text has Friendly’ 100.0 83.385214 16.604585

fig, ax = plt.subplots{figsize = (12,3}};

ax.bar (frdf.friendly, frdf["notgocdratings_portion"], label = "notgoodratings porticn", width = 8.4)
ax.bar (frdf.friendly, frdf["gocdratings_portion™], bottom = frdf.notgocdratings_portion, label = “goodratings_portion”, width = @.4);

ax.set_ylabel{"Percentage”, size = 15)

ax.legend(loc = 'center', fontsize = 15)

ax.tick_params{labelsize = 15)

plt.title("Porticn of reviews with the word “friendly® that have good ratings", fontsize = 15)

Text(@.5, 1.8, "Porticn of reviews with the word ‘friendly' that have good ratings")

Portion of reviews with the word 'friendly’ that have good ratings

100

B0
% 60
% = notgoodratings_portion
§ mmm goodratings_portion
&

40

20

Text does not have 'friendly’ Text has ‘friendly’




Here are the results of the

‘clean’ A/B testing once plugged into the GitHub site.

pysqldf ("""
SELECT Label Number of successes Number of trials
clean, :
T e 6T) 5 (i |Baseline | 121232 | |184557 | Remove
B [Variation 1 | 10894 | [15443 | Remove
(SELECT stars, text, review_id, Interval confidence level:
CASE WHEN text LIKE 'Xcleank' |0.95 Use multiple testing correction:
AND text NOT LIKE "Xnot clean¥'
AND text NOT LIKE "¥n't cleanZ” R
THEN "Text has 'clean'™ ELSE "Text does not have 'clean'" END AS clean,
CASE WHEN stars »= 4 THEM 1 ELSE @ END AS good_rating
FROM chunk_12)} AS test
GROUP BY clean""")
Successes Total Success Rate p-value  Improvement
slean reviews goodratings Baseline 121232 184,557 65'?(066—%636% _— . -
0 Textdoas not havs ‘tizan’ 134557 121232 Variation 1 10,894 15443  T0% -71% — [ <0.0001 6.2% —8.5%
1 Texthas ‘ean’ 15443 10804 (AL, ()

Here is the stacked bar chart, and its code, for the ‘clean’ A/B testing.

c14f = pysqldf("""
SELECT

FROM

GROUP BY clean™"");

clean,

(SUM(good_rating)/CAST(COUNT{review_id) AS float) + (COUNT(review id) - SuUM{good_rating)}/CAST{COUNT(review_id)
AS fleat))}*10e@ AS total portions,

CAST(SUM(good_rating) AS float)/CAST({COUNT(review id) AS float)*1ee AS goodratings_portion,

(COUNT{review_id) - SuM{good_rating))/CAST(COUNT(review_id) AS float)*128 AS notgoodratings_porticn

(SELECT stars, text, review id,
CASE WHEN text LIKE 'EcleanX'

AND text NOT LIKE "Xnot cleani'

AND text NOT LIKE "n't cleani"

THEN "Text has 'clean'" ELSE "Text dees not have 'clean'" EMD AS clean,
CASE WHEN stars »= 4 THEN 1 ELSE @ END AS good_rating

FROM chunk_12} As test

ax.legend(loc =

claf
clean total_portions o ings_portion L] tings_portion
0 Text does not have ‘chean’ 100.0 G65.688107 34311802
1 Text has 'clean’ 100.0 T0.543288 28.435712
fig, ax = plt.subplots{figsize = (12,8));

ax.bar(cldf.clean, cldf["notgoodratings_portion®], label =
ax.bar(cldf.clean, cldf["goodratings_portion"], bottom = cldf.notgoodratings_portion, label = “"goodratings_portion®, width = @8.4);

ax.set_ylabel{"Percentage”, size = 1%)

‘center', fontsize = 15)
ax.tick_params{labelsize =
plt.title{"Porticn of reviews with the word ‘clean' that have good ratings®, fontsize =

Text(e.5, 1.8, "Porticn of reviews with the word "¢lean' that have good ratings™)

"notgoodratings_portion”, width = 8.4)

15)
15)

Portion of reviews with the word “clean’ that have good ratings

100

80

60

Percentage

20

Text does not have 'clean’

= notgoodratings_portion
m goodratings_portion

Text has ‘clean’




Here are the results of the ‘tasty’ A/B testing once plugged into the GitHub site.

pysgldf ("""
SELECT
tasty,
COUNT {review id) AS reviews,
SUM(good_rating) AS goocdratings
FROM
(SELECT stars, text, review id,
CASE WHEN text LIKE 'XtastyX'
AND text NOT LIKE “¥not tastyi'
AND text NOT LIKE "%n't tasty"

FROM chunk_12) AS test
GROUP BY tasty™")

tasty reviews goodratings

0 Text does mot have ‘tasty’ 181241 125285
1 Text has ‘tasty’ &T50 6e41

[T Gl Add another group
THEN "Text has 'tasty'™ ELSE "Text does not have 'tasty'" EMD AS tasty,
CASE WHEM stars »= 4 THEM 1 ELSE @ END AS good rating

Successes Total Success Rate

Label Number of successes Number of trials

| Baseline | 125285 | [191241 | Remove
| variation 1 | |6841 | |8759 | Remove
Interval confidence level:

|O 95 Use multiple testing correction:

p-value Improvement

Baseline 125,285 191241 65% -66% P——mM8 i+ — _
(66%)

Variation 1 6,841 8,759 7% -79% ———Hl+ <0.0001 18% -21%
(78%)

(19%)

Here is the stacked bar chart, and its code, for the ‘tasty’ A/B testing.

tsdf = pysqldf("""
SELECT

tasty,

(SuM(good_rating)/CAST{COUNT{review id) AS float) + (COUNT{review id) - SUM({good_rating))/CAST{COUNT(review id)

As fleat))=18@ AS total_portions,

CAST(SUM{good_rating) AS float)/CAST(COUNT(review_id) AS float)*1e2 AS goodratings_portion,
{COUNT{review_id) - suM{good_rating))/CAST{COUNT(review_id) AS float)*12e@ AS notgoodratings_portion
FROM

(SELECT stars, text, review_id,
CASE WHEN text LIKE 'Htasty®®

AND text MOT LIKE 'Xnot tastyX'

AND text NOT LIKE "%n't tasty®"

THEM "Text has 'tasty'" ELSE "Text does not hawe "tasty"" END AS tasty,
CASE WHEN stars »= 4 THEN 1 ELSE @ END AS good_rating

FROM chunk_12} AS test

GROUP BY tasty™"");

tsdf
tasty total_portions g ings_portion o ings_portion
0 Text does not have ‘tasty’ 1000 65.511580 34.488420
1 Text has 'tasty’ 1000 78.102523 21.887477

fig, ax = plt.subplots{figsize = (12,8));

ax.bar(tsdf.tasty, tsdf["notgocdratings portion™], label = “"notgocdratings portion”, width = @.4)
ax.bar (tsdf.tasty, tsdf["goodratings_portion”], bottom = tsdf.notgoodratings_portion, label = “"goodratings_portion®, width = 8.4);

ax.set_ylabel{"Percentage”, size = 15)

ax.legend(loc = 'center', fontsize = 15)

ax.tick_params{labelsize = 15)

plt.title("Porticn of reviews with the word "tasty' that have good ratings”, fontsize = 15)

Text{e.5, 1.8, "Porticn of reviews with the word 'tasty' that have good ratings™)

Portion of reviews with the word "tasty’ that have good ratings

100

80

60

Percentage

20

Text does not have 'tasty’

mm notgoodratings_portion
W goodratings_portion

Text has 'tasty’




As we can see from the A/B testing results on the previous pages, all of the keywords had a statistically
significant effect on whether or not there were good ratings, with p-values of less than 0.0001 each. The
‘friendly’ keyword, however, had the most dramatic effect, with a 31%-33% improvement on good ratings
compared to reviews without the keyword ‘friendly’ whereas ‘clean’ only has a 6%-8% improvement and
‘tasty’ has an 18%-21% improvement. Not only that, but the population of reviews with the keyword
‘friendly’ is much larger than the other two, with a total of 27,697 reviews, whereas ‘clean’ was contained
within 15,443 reviews, and ‘tasty’ within 8,759 reviews, meaning that people felt the need to bring up how
friendly staff were much more than they felt the need to mention how clean facilities were or how tasty
food was, although for that last one it makes sense because not all businesses sell food.

Recommendations and Actions

Summarize the insights you found and make recommendations on what your client should do. What is the next steps or the
action that should be taken as a result of your analysis?

Out of the three keywords chosen, all were statistically significant when it came to having a good rating,
i.e., 4 or more stars. And while many customers do not take the time to actually read through Yelp
reviews, they can see from a quick Google search the average number of stars a business has, so it would
behoove business owners to take note of the verbiage used in the reviews of their business(es).

Another insight I had that became apparent later on in my analysis after thinking about the differences
between the results of the different keywords, was that a machine can clean a business, it can make tasty
food, but it cannot, at the time of writing this assignment, produce authentic friendliness on par with a
human being. As businesses become more and more inclined to use machines and forms of A.IL. to
automate processes, it would benefit them to take heed and note that some aspects of what people like
about their business(es) are the human aspects. Out of the 200,000 reviews analyzed, friendliness had a
far greater impact on a positive rating than other aspects which could be reproduced by a machine.




Nate Boyle
5/13/2023
SQL for Data Science Capstone Project:
Milestone 1 Peer-graded Assignment

Please find my answers to the assignment questions in Calibri and blue.

Step 1: Preparing for Your Proposal
You will document your preparation in developing the project proposal. This includes:

1. Which client/dataset did you select and why?

| have chosen the Yelp dataset which for this assignment means | will be providing insights to the fictional new startup coffee
company known as CoffeeKing. The reason | chose this option is because | enjoy looking at and analyzing business data to find
significant insights and trends.

2. Describe the steps you took to import and clean the data.

First | downloaded the data from https://www.yelp.com/dataset, but unlike the Elon Musk tweet data in the example video,
the data from Yelp came as a TAR (tape archive) file and not CSV. After a few Google searches | realized | needed to download
7-Zip to be able to decompress the TAR file properly and get the Yelp JSON files. Then, given the file sizes, ranging from a little
over 100MBs to over 5.2GBs, it took quite a bit of time to upload the data files into the Jupyter notebook, just as long as | did
some activity of some kind the Open Lab Sandbox wouldn’t time out, it took a few tries.

courserda ] Navigate LabFiles  (3) Help

— Jupyter Quit
Files Running Clusters

Select items to perform actions on them Upload Neww &
oo ~ W/ Name Last Modified File size ¥
00 yelp_academic_dataset_review.json a day ago 534 GB
o0 yelp_academic_dataset_userjson a day ago 336GB
o0 yelp_academic_dataset_checkin json a day ago 287 MB
00 yelp_academic_dataset_tip json 2 days ago 181 MB
00 yelp_academic_dataset_business2 json 6 hours ago 119 MB
00 yelp_academic_dataset _business json 2 days ago 101 MB

Once | was able to get all of the files uploaded | tried to begin exploring the data using the Python code shown in the “Import
of Elon Musk Data” video, but was having some issues given that it was a JSON and not a CSV file. Below is a screenshot of an
error | was receiving.

fopt/condas1ib/pythen2.7/site-pack on/_json.py in elf
1887 if orient = lumns™:
1883 self.cbj = DataFrame(

-> 1889 lecads (json, precise_float=self.precise_float), dtype=None
1838
1891 elif orient == "split™:

glusError: Tralling data

A couple Google searches later and | realized that needed to specify the “lines” parameter as “true” so that Python through
pandas knew to read the JSON object per line. Please find the results of the new data frame read on the next page.



https://www.yelp.com/dataset



In [7]1: M |business_reader = pd.read_json{r"yelp_academic_dataset_business2.json", lines="true")

In [8]: M |business_reader.shape

cut[2]: (1s8348, 14)

In [2]: M |business_reader.head(1@

out[3]
business_id name address city state postal_code Iatitude longitude stars review_count is_open
Abby 1616 Zants
L] Pns214eMsfO8kk32dinABA Rappoport, Chapala CA 93101 34.428678 -118.71MM8T 50 T o TByAppoini

LAC.CMQ St Ste2 EHIE

a7 Grasso
The UPS Plaza [Businessfcq
Stre  Shopping affton MO 63123 38561126 -00.335685 30 15 1

Canter

1 mpf3-BTATEAY CZrAY P

This resolved file reading issues for three out of the five files, the other two however were both several gigabytes in size and
the notebook would crash whenever | attempted to read them into a data frame. Again, through the help of Google, | realized
that by splitting these files up into “chunks” of a certain “size” | was able to read the file into a data frame with chunks. To
make these chunks more accessible and navigable, | created an array to store them into, please see below where we can see
the number of rows per chunk, and then the total number of rows for the table (1,987,897) and the total number of columns
(22 in this instance) which is the same for the table or data frames.

In [4]: M chunks = []
for chunk in pd.read_json{r"velp academic_dataset_user.jscn", lines=True, chunksize-=188822):
chunks. append{ chunk

In [5]: M x=28
for chunks[x] in chunks:
print (x, chunks[x].shape)
X += 1;
print{"Total rows:",(x-1)*len{chunks[@]}+1len(chunks[x-1]), "Total chunks:", x)

(1eeees, 22)
(1eeees8, 22)
(1eeees, 22)
(1eeee8s, 22)
(legges, 22)
(1eeees, 22)
(1eeees, 22)
(legges, 22)
(1eeees, 22)
(1eeee8s, 22)
18 (l2@@8@, 22)
11 (l12a6sa, 22)
12 (laa@@a, 22)
13 (1easea, 22)
14 (l2@@@a, 22)
15 (l@@eea, 22)
16 (l2@@@@, 22)
17 (l2@@@@, 22)
15 (la@@@@, 22)
12 (87837, 22)
Total rows: 1987837 Total chunks: 2a

L

o

| will note that when it comes to determining chunk size, it’s a trade off between how much processing power and time you
are willing and able to use for the initial reading of the file and then how many chunks you feel like working with. The benefit
of doing it this way with the array is that | can specify which chunk | would like to look at with a Python function or SQL query,
as we will see in the next section.

Another issue | came across was with the business file, when trying to query it within SQL | would get the following errors:

|_'T£“f&IEE“"IF: {sqlite3.InterfaceError) Errcr binding parameter 11 - probably unsupported type.|

| dropped this parameter from the data frame to see if that would fix the problem and the same error message came up for
parameter 13. As you will see in the next section for the business file parameter 11 is “attributes” and for 13 it is “hours”, so |
used the following code to change their types to strings and | was able to run SQL queries on the data frame after that.

biztest["attributes'])=biztest['attributes'].astype{ 'str'};
biztest['hours® ]=biztest["hours"].astype('str")






3. Performinitial exploration of data and provide some screenshots or display some stats of the data you are looking at.

As shown above, for the “review” and “user” files | had to break the file up into chunks which I stored in a data frame as you
can see below whether it is the first chunk or the last chunk they have the same columns and data types, only the last chunk
has a different number of rows because the total rows was not a perfect multiple of the chunk size.

print("First chunk's info:yn™)

chunks[@]. infal )

primt] "wn"});

print{"Last chunk®s Info:\n™} Last chunk™s info:

churks[1%9] . infof)

<class 'pandas.core.frame.DataFrane”:
First chunk’s info: Rangelndex: B7857 entries, 1988868 Lo 19ETE9E
Data colwans (total 22 columns):

<class 'pandas.core.frame.DataFrame” > P Colunn Mor-Mull Count Diype

Rangelndex: 188888 entries, 8 Lo 99995 e - e ——————— mm———

Data columns (total 22 columns): ] user_id E7897 non-null object
i Celunn Non-Rull Count DLype 1 fame B7ES7 non-null object

e e Tmmmmmmmmesmes i I review_count ETEST non-null Entéd
8 user_id 1gagad non-i object 3 yelping_since BTES7 non-null object
1 mname 186888 non-f object 4 useful ETEST non-null  Entéd
z review_count 1g@ged non intad 5 funny ETES? non-null  Entéd
I yelping since lepaad non object 6 cool ETE97 non-null  Intéd
4 useful 1Baaad non- intsd 7 elite ETES7 non-null object
5 funny laBead non-r Intéd B Friends ETEST non-null  object
& Lol 188828 non-r intéd 9 fans ETES? mon-null Entéd
T oelite 1g0ged non-q object 18 average_stars ETES7 non-null floated
B friends 1p8ead non-f object 11 complinent_hot ETEST non-null  Ent6d
g Fans 1B0gad non-q intsd 2 nt_more ETEST non-null Intad
18 average_ stars 1Bggad non-r floatéd 13 nt_profile B7E97 non-null inté4
11  compliment_hot 1Bggad non-r intad 14 nt_cute ETES? non-null Entéd
12  compliment_more 188888 non-r intad 15 -,L_]_ ist E7ES7 non-null  Eintéda
13 compliment_profile 108282 non-o intsd 16 -,L_|-|_.1_.= E7ES7 non-null  Eintéda
14 compliment_cute 18229 non intaed 17 '|l'.:p'_a1r| ETES? non-null Entéd
15 compliment_list 1688888 nor-r inted 18 at cool ET897 non-null Eintéd
16 compliment_note 1688888 non-r inted 149 -.r_:+ uniny ET897 non-null Eintéd
17 compliment_plain 1p82ed non-r inted il ] nt_writer ETES? non-null  Entéd
18 compliment_cool 1688888 non-r inted 71 nt_photos ET897 non-null Eintéd
18 complinment_funny 1688888 non-r inted dtypes: float&4{l), Intéd(16), sbject(s)
18 complinment_writer 188888 non-n intad menory usage: 14,8+ HE
21 compliment_photos 1Bggad non-r intad

diypes: floatéd{l), Intéd(16}, object(5)

menory usage: 16.B+ HB

Below are the first five rows for the first and last chunks of the “user” file using the head() function in Python.

print{"First chunk"s Ffirst 5 rows:Yn™})
wks[@].head(5))
"l
ast chunk’s first & rows:\n™)
print{chunks[13]. head(5))
First chunk’s first 5 rows: a5t chunk's First 5 rows:
user_id name revies_count yelping since wseful sser id name  review caunt elping sinee |

8 GVeBODYUSSZIHNVBEXdITw  MWalker 585 2007-81-25 16:47:26 7217 . t]F&F)ﬁ’l'tQ}.ucllGL;E'f_‘ﬂ‘; Emily - e 1{ 5: g_s o

. S N 5 2 3 2816-11-
1 jldWgRol_-2ZFlawld¥rlg Daniel 4333 1889-81-25 @4:35:42 43891 1900881  cjuCybwnSezhNAyFvioklg Kathy 1 2828-84-85 =3
1 IHnXYQFKBRXKECTxPTV2Zvg Steph 665 IBBE-87-25 lé:41:8@ IB8G 1900002  HwSOPWOLBSFULOYaEHEVLY cass 1 2819.85-11
1 SZDeASNQTO@STMNLshsdTA  Gwen 224 18@5-11-29 @4:18:33 512 Loopact o1 K3 zsma10PRFndquIIP Totae 17 ip1354.18
4 hASIMy-ErncsHAToR-WEGQ  Karen 7% 2007-81-85 19:48:59 29 Lepanos zﬂor'r_\-!c;f-fctu-m:—'é Marquis 3 Seia-ot-me

f”";_'-‘"' i”d ”f""‘ useful funny cool elite friends Fans compliment_more
g 1me sess 687 1960088 [ @ a None ] ]
1 13866 327281 2889,2818,20811,20812,2813, 2814,2815,2816,2817 2. .. —— a a a Mone 8 8

2
2 laia la@3 20@9, 2818, 2811 2612 2613 1:88882 a a a None 2 2
5
3 33a 299 2885, 2618, 26811 F— 17 4 3 None @ @
I
N 15 7 15pa884 [ e =] Mone a a
. Friends fans h compliment_profile compliment_cute compliment list \

@ HNSCySdeehBlyZdG2iE8dw, pedZuTDcCH2OmIBINY-Bg 167 1060008 - " - a - 2
1 ueRPEBCKTSePGMOOFVIEIQ, S2oMADrRvzzlEWhSUXyUSA... 3138 1;95981 @ & a
2 LuD3Bndf3rlhyHIaNFTInd, JOBAXAHUNDFTEVecyWloya. .. 52 1380082 8 8 8
3 enxlvVPnfdMMFhOGPH_wg, dwlcvMLLUGASLELgRa74vE. .. 28 1580001 " a a
4 PEE4¢SKEEBHRFvSNCULrIw, IFWPpMTEULGXeOM ZBYMbA. . . 1 13600884 8 a a

comgliment_more compliment_profile compliment_cute comgliment_list compliment_note compliment_plain compliment_cool compliment_fummy \
e &5 35 e 18 1260600 T e T e e e
1 164 184 157 251 1568881 a @ @ 8
: 13 12 7 N pRedclcl=lohd L] ] @ [
: 4 L ‘ : 1960883 8 8 a 8
4 : @ @ é 1980084 8 8 8 8

compliment_note compliment_plaln compliment_cool  compliment_funny 0 compliment_writer compliment_photos
a 23z Bas 267 467 1388088 - B - a
1 1847 TE5L 3131 3131 1388881 8 a
2 &6 96 1139 119 1960082 8 e
: 12 15 26 6 1960083 8 [
# : 1 e @ 1580804 8 2

compliment_writer complinent_photos [5 rows x 22 coluans]
a i) 1aa _
1 1521 1346
2 5 1E
3 i 9
4 (] [}
(5 rows x 22 columns]






And here are the same results if done through a SQL query. (as long as u store the chunks in standalone data frames first)

Below is some exploratory info for the

from pandasql import sqldf

pysqldf = lambda q: sqldf(q, glabals(}

firstdf = chunks|[@]

lastdf = chunks[189]

pysqldf("""SELECT * FROM firstdf LIMIT 5"~
u“r_ln name mmw_ﬂﬂl.lnt }'leﬂﬂ_ﬂlﬂﬂﬁ useful TL||'||'I¥ coal gllta

0 gVcAODYUSSZKKVEGNGTw  Walker 545 2:'{521% 7217 1258 5o94 2007 u.lginj:lI':C;illl-g:

1 j14WgRal_-2751wwldirly  Danie 24333 2-':;3;%? 43091 13066 2Z7E81 2008.2010.2011.2072.2013,.2014.2015,2016,2097.2... ‘Lifli-jﬁ;’i‘-

2 IWnXYOFKDRXESTPOVZzvg  Sieph o  MTIS coes 0 003 00920102011, 2012,2013 ismﬁ“ﬁ_{%‘,‘ﬂ

3 SZDeASNgToDSmMMLshsdlA  Gwen 224 935’;1%; §12 330 299 2009,2010,2071 ;:flw_.':

4 hASIMyEnncsHEJoR-HFGEO  Karen 7o 2:'{32125 =15 7 _‘rh,;‘;géﬁf_hﬁg

B rows = 22 columns

bizdf. info

<class

'‘pandas. core.frame DataFrame” >

RangeIndex: 158346 entries, A to 158345
Data colunns (total 14 columns}):

[ Calunn Mon-Mull Count Dlype
a8 business_id 583 object
1 name 583
2 address 523 object
3 city 583 object
4 state 523 object
5 postal code 583 object
3 latitude Se346 Floated
7 longltude Sa346 Floatcd
B stars 58346 Floatbs
] review_count 158346 nor intéd
18  is_open 158346 no inted
11 attributes 136682 nor object
12 categorlies 158243 object
13  hours 127123 non-null object
dtypes: floatéd{3), intEd(2), abject{d)
menory usage: 16.1+ HB

“business” file, | imagine | will use this file the most for my data analysis.

bizdf.head(5}
business_id name  address city state postal_code latitude longitude stars review_count is_open
Abby 1613 Zants
o Pns2l4eNsfOBkkE3dmASA Rappoport,  Chapals Barbara CA 83101 34426679 -119.711187 S0 T 0
LAC,CMQ 5t Ste2 -
a7
- s, TheUPs G cqo anss :
1 mpfRe-BiTdTEAIYCZAY Pw Store Flzzz Affton MO 63123 28551128 3.0 15 1
Shopping
Cerer
5255 E
2 EUFANIrKK_TARs\AINGD Target Broadway Tucson AZ 85711 32223235 -110.880452 35 22 (1]
Blvd
- . StHonore 035 Race o 7
2 MTSW4MeQdTCEVyjgoeimw Pastries g PN sdsighiz P& 18107 40 20 1
Perkiomen 101
4 m\WheE_wTdEDIEUBKIGXDWEA Valley yoops; Creenlane  PA 18054 40333183 -75.471850 45 13 1
Brawery

Below is a sample exploration query where | count the amount of businesses per city in the two states | have lived in.

print{pysqldf{"""SELECT state, city, num_of businesses FROM
(SELECT state, city, COUNT(*) AS num_of_businesses
FROM bizdf
GROUP BY state, city) AS subg
WHERE (state = 'CA" OR state = "MV')
AMD num_cf_businesses > 1"""))

state city num_of_businesses

2 ca Carpinteria 293

1 A Goleta 728

2 ca Isla vista 24

3 o) montecito 93

4 A Renao 3

5 ca Santa Barbara 3829

8 CA  santa Barbara 5

7 s santa Barbra 2

g A surmerland 41

3 A Truckee 11

1a N Carson City 2

11 W Cold springs 2

1z Ny New Washoe City 4

13 M Reno t932

14 M Reno 2

1s N¢ Spanish Springs 25

15 N Sparks 1623

17 M Stead 2

13 N Sun Valley 38

192 M verdi 28

28 N virginia City 32

21 N washoe valley 4

22 M rena 2






Below are some screenshots for the “tips” file, | foresee using this file while JOINing it to the “business” file to see how users
thought of businesses. The “tips” file is essentially a smaller version of the “reviews” file, which | may use as well or instead,
but it is over five gigabytes and may unnecessarily impede the progress of the project.

tip reader.info()

Data columns (toctal

«<class 'pandas.core.
Rangelndex: 988915 entries, @ to 983914

frame.Datarrame' >

& columns);

Column Non-Wull Count  Dtype
2 user_id 9@8915 non-null cbject
1 business_id 9@8915 non-null cbject
2 text 9@8915 non-null cbject
3 date 98915 non-null datetimesd[ns]
4  compliment_count 988915 non-null ints4

dtypes: datetimesa[ns]{1), inte4(1), cbject({2)
memory usage: 34.7+ MB

from pandasql import sgqldf
pysgldf = lambda q: sgldf(qg, globals())

pysqldf("""SELECT *= FROM tip_reader LIMIT 187"")

user_id business_id text date compliment_count

0 AGNUgWwnZUeydgcPCJT8iw  3ulgwrligeCHNMjKenHIwPGD: Awengers time with the ladies.  2012-05-18 02:17:21.000000 0

1 MNEN4MgHPOD3ow—SnauTkA QoezRbYQncpRayrLHElglg  They have lots of good desens and tasty cuban...  2013-02-05 18:35:10.000000 0

2 -copOvidykhigr-vekDEvw  MYoRMLbEchwjQele k3TGg It's open even when you think it isn't  2013-08-18 00:56:08.000000 0

3 FMQVZjSqYBeylO-53HFKw hu-bABTH-glhSwj3 1ps_Jw ‘fery decent fried chicken 2017-08-27 23:05:38.000000 0

4 diAper8Xk1hSUbgmMa0zw _ulN00OudeJ3Z]_tfhnxgenw Appetizers.. platter special for lunch  2012-10-08 18:43:00.000000 0

3 tf3ezBquCDRXiTgjUcEg TRm38a50bw23KTARRedZYg  Chili Cup + Single Cheeseburger with onion, pi..  2012-03-13 04:00:52.000000 0

[ SMGARjyfuYu-c-22zlyDg  kH-DiXgklL ThBUXNpguBMkg Ssturday, Dec Tth 2013, nde Pateo’s Silver 51 2013-12-03 23:42:15.000000 0

¥ YVBB9g23nu\WJOuddzHDpBA jiri138kuhe_AUECUSIU_A This is probably the best place in the cool Sp...  2016-11-22 22:14:58 000000 0

8 WLI2EREdT40WgGqnigkzw xODBZmX4EmMNvbgtkNTYKg Taces 2012-07-27 01:48:24.000000 0

9 Aay-fdWieWMerYL_htkGQ  plCJRcygW1cFO6Q3XhLSbw  Starbucks substitute in boring downtown Tampa....  2012-06-09 22:57:04 000000 0

pysqldf{"""SELECT FROM lastdf LIMIT 5""" |
uzar_ld  nama review_count yslping_elince usaful funny cool elits friends fane .. compliment_maore complimant_profile  cd
0 clMEFKmncSeesmGLMENR  Emily e o o0 Moe 0 . o o
17:67:30
e ey Sz B - A0 20-04-05 - ;
1 wCybwnSgzhMaytithldy Kathy 18R 1] 0 1] Mane a . 0 0
201 &-05-1
2 hwSoPWOcESrlmYasHOWLD  Cass R o 00 Mane 0 . o o
3 g le=mGI0PShgquidPg Zetas 17 2 -% Iﬂ‘.: :‘g 7 4 3 Hone a . 0 0
L il
P - 2012-01-04

(! PR AN ] P 7 = 1 . . 1 Y
4 L OF TyaEWHCECH-MUG  Mamuis 01 :E2:48 a i a Hone a . o o

Here’s some additional data exploration where | see how often the word ‘tasty’ is used in a tip, grouped by compliment count.

pysqldf{"""SELECT compliment_count, COUNT{*)} AS num_of_tips_with_tasty
FROM tip_reader WHERE text LIKE "Xitastyx'
GROUP BY compliment count™"™}

compliment_count mum_of_tips_with_tasty

0 0 T4E0
1 1 T4

2 2 2






4.  Create an ERD or proposed ERD to show the relationships of the data you are exploring.

Below is the ERD for the Yelp dataset that we used for the Peer Review Assignment in the first course in this specialization,
“SQL for Data Science”. There are literally no improvements I could make on top of this ERD, and one of the main things I've
learned in my professional career so far is that there is no sense in redoing work that doesn’t need to be done again, use
your time wisely and work smarter no harder. | just cannot see a solid argument for not going with this ERD, let alone
producing another one. That being said | will primarily be using the “business” to “tip” or “review” relationships and tables.

@ business_id VARCHAR(22)
date VARCHAR(|255)

count INT * *

"] hours v
ness v
] buel hours VARGHAR(255)
1 VARGHAR(22) ™™ % & business 1 VARGHAR(22)
name VARCHAR[255) jH=——= =
neighborhood VARCHAR(255)
address VARCHAR(255) o ——— ] user M ] triend v
city VARGHAR(255) ! ] category v 4 VARCHAR(ZS) @ user_id VARCHAR(22)
state VARCHAR(255) N |  business_id VARCHAR(22) marme VARCHAR(266) 1= === fiand_id VARCHAR(Z2)
postal_code VARCHAR(25S) |~ ‘I- e category VARCHAR(255) review_count INT : =
latiude FLOAT | S yelping_since DATETIME |
longitude FLOAT H——— : useful INT ]
1
stars FLOAT I Tuny INT
I ] atintusts N cool INT - ——
roviow_count INT
‘W= — =M — — — — 4 4 business_id VARCHAR(22) - — — — |
is_open TINYINT I VARCHAR (255, | fans INT
> | ———— fame (255) | avenge_stars FLOAT
= n ! value TEXT | compiment_hot INT
| -I- | Ii—___H— compiment_mors INT
I 1 : :I compiment _profils INT
| 1 | ] review v |l complment_cute INT
: | : 6 VARCHAR22) :I compiment lstINT |
| | | stars INT |I compkment_note INT : ] elite_years v
: : ] date DATETIME :| comphment_piain INT |  user_id VARCHAR(22)
[T : text TEXT |: compiment_cool INT I year CHAR)
l | L—— useful INT B —— compbment_Tunny INT >
| : funny INT : compiment_writer INT
| | cool INT | compiment_phates INT
: _: » business_id VARCHAR(22) : >
| -} & user_id VARCHAR(22) | s
I > | |
N | |
A | |
] checkin v : ,,,,,, |
|
|

i & user_id VARCHAR(22)
| & business_id VARCHAR{22)
+ tat TEXT

] photo v date DATETIME
id VARCHAR(22) ihes INT

@ business_id VARCHAR|22)
caption VARCHAR(255)
labed VARCHAR(255)

>

Below is a version of the above ERD diagram | made/tailored to be representative of the tables and relations of those tables |
intend to use for this project.

] review v
d VARCHAR(22)
stars INT
daie DATETIME
toat TEXT
usobul INT ]
tunry INT
cool INT

e

—_— @ business_id VARCHAR(Z2)

| business b & uses_id VARCHAR(22)

i VARCHAR(22) —_— >

nama VARCHAR|255) I

neighborhood VARCHAR(25S)

acdress VARCHAR(255)

city VARCHAR(255)

state VARCHAR[2S5)

postal_coe VARGHAR(255)

lnttude FLOAT
ongitude FLOAT - .
stans FLOAT _ltip v
review_count INT & user_id VARCHAR{22)
is_open TINYINT L& | & business_id VARCHAR(22)
> text TEXT
date DATETIME
hvs INT






Step 2: Develop Project Proposal
less

In this step, you will need to include the following:

Description

Write a 5-6 sentence paragraph describing your project; include who might be interested to learn about your findings. Who
might be your audience?

My fictional client will be CoffeeKing, and | will be using the Yelp dataset which includes information regarding businesses,
users, reviews, and photos of the business. In particular | plan on using the business and review data relationship as the user
data itself will likely not provide coffee shop specific data for business insights. The data will be used to analyze certain
relationships and trends to see if there are any meaningful insights that can be shared with CoffeeKing. A potential audience
could be other coffee, or even tea, shops might find any insights | discover useful. Another potential audience could be any
business that is considering using Yelp metrics to see if they provide meaningful insights.

Questions

Create 2-3 questions that you want to answer with the data:
e This will be easier to answer once you've had an opportunity to look at the data and do some initial exploration.
e Don't get carried away on the analysis piece at this stage as there will be more analysis later.
e Do focus on key data elements that are present. For instance: What are they, when are they, who are they about?

Do they connect? How do they connect? Jot down ideas as you brainstorm.
Question 1: Do the hours of operation play a role in the rating a coffee (or similar) shop receives?
Question 2: Are there any keywords that consistently appear in positive or negative reviews?

Question 3: Does location play a role in rating?

Hypothesis
What are your initial hypotheses about the data?

Write 2-3 assumptions about the data that you'll want to go back to prove or disprove. You will want to keep them in front
of you as you look at the data to keep them or change them. You may see relationships that you want to explore and will
develop a "belief" about the data.

e Start documenting what you think you can tell from the data.
e What pops up as interesting to you? Most likely it will be interesting to others as well.

e Use the discussion boards to discuss with others about your client and the data to brainstorm together.

Assumption 1: | predict that hours will play a role in rating considering that most people drink a caffeinated beverage like
coffee at a certain time in the day to coincide with their schedule.

Assumption 2: | also think that keywords such as “helpful”, “unique/different”, or “tasty”, among many others, may also
correlate with a good rating.

Assumption 3: | assume that businesses with higher ratings will be more likely to stay open.





Approach

Describe in 5-6 sentences what approach you are going to take in order to prove (or disprove) your hypotheses. Think about
the following in your answer:

e What features (fields/columns) are you going to look at first?
e Isthere arelationship that exists that you want to explore?
e  What metric/ evaluation measure will you use?

The ratings column in the “business” table will be the most significant field to use in the analyses | wish to perform. Any
correlation between hours of operation and/or location with rating can be done just within the aforementioned
“business” table and will not require JOINing with any other tables. When it comes to looking at keywords users use that
may correlate with positive ratings, | will need to JOIN the “tip” or “review” table with the “business” table on the
“business_id” field. When it comes to the “tip” or “review” table the “cool”, “funny”, or “useful” fields will most likely not
be helpful as they pertain to the tip or review itself made by the user and not the business in question. Any meaningful
insights that will relate to my hypotheses in these table will come from the text fields containing the tip or review.





		Step 2: Develop Project Proposal

		Description






SQL for Data Science Capstone Project:
Milestone 2 Peer-graded Assignment:
“Descriptive Stats”

Nate Boyle
5/19/2023

Please find my answers to the assignment questions in Verdana and blue.

Review criteria
Using the space provided, please address the following items:

1. Provide a summary of the different descriptive statistics you looked at and WHY.

One field I was going to run statistics for in particular was hours, but the output container in the

Jupyter notebook was truncating all of my results as seen below.

bizdf.hours.head(18)

a None
1 {"Monday': '@:2-8:8", "Tuesday': 'S:@-13:38',

2 {"Monday': 'S:@-22:@', "Tuesday': 'E:@-22:8',

3 {"Monday': '7:g-28:2', "Tuesday': '7:i@-2g:8',

4 {"Wednesday': "14:8-22:2', "Thursday': '15:8-2...
5 {"Monday': '@:2-8:8", 'Tuesday': 'e:@-22:2', "...
[ {"Monday': '@:2-8:8", "Tuesday': 'l@:@-15:8',

7 {"Monday': 'S:@-17:@', 'Tuesday': 'S:@-17:8',

g None
9 {"Monday': '@:2-8:8", "Tuesday': 'e:@-21:2', "...
Name: hours, dtype: object

To overcome this I used the following code in the screenshot below, the first line widens the output and
the second widens the Jupyter cells as a whole to fit the width of your browser window.

pd.set_option( "display.max_colwidth®, None

from IPython.core.display import display, HTHL
display{HTML{"<style>.container { width:186% !important;

Je/styles))

Finding and implementing these two lines of code was paramount if I was to thoroughly examine the
data. As can be seen in the screenshot below we are able to view all days of the week and the hours of
operation unlike the screenshot above which truncates to just Monday and Tuesday hours.

bizdf.hours.head(2a}

-] Hone
1 ‘Monday": "@:@-2:8', 'Tuesday': '8! 128°, "Wednesday': '8:8-18:228", 'Thursday”: 2@, 'Friday': '8:8-18:38', 'sSaturday': 'S:e-14:@'}
2 {"Monday 'y 'Tuesday': 'g:@-22:8', 'Wednesday i @', 'saturday': 'S:@-23:2', "Sunday': 's: '
3 {'Monday ', 'Tuesday': '7:8-28:8', 'Wednesd y e', 'saturday': '7:@-21:8', "Sunday': '7 I3
4 {'Wednesday': '14:e- » 'Thursday': ° ', "saturday': "12:8-22:8°, "Sunday': ° T
5 {'Monday': '@:@-e:@', 'Tuesday': '6:8-22:8", 'Wednesday': 22:8', 'Thursday' @', 'saturday': '9:2-22:2', "Sunday': 's: T
[ {"Monday': '@:2-8:8", "Tuesday': '12:8-12:@', 'Wednesday': '18:8-182:8', 'Thursday': '1a: , 'Saturdzy': '1@:8-13:8°, "Sunday': " i
7 {'Monday': '9:8-17:8", 'Tuesday': "9: @', 'Thursday': '9:@-17:2', "Friday': ' '
8 e
9 {'Monday": '@:@-g:@', 'Tuesday': '6:8-21:8", 'Wednesday': '6:@-21:8', 'Thursday': "6:@-16:8', 'Friday”’ 1@', 'saturday': '6:8-17:2', "Sunday': 'é:e-Zl:@'}
1@ ‘Wednesday ': '9:3@-21:38", 'Thursday': 'S:3@-21:3@', 'Friday”: ° ', 'saturday’: 'g:3e-21:38°, ' ' @'t
11 {"Monday': "11:2-14:@', "Tuesday': @', 'wednesday': '11:@-14:8', 'Thursday': "1l:@-14:@', "Fri ', 'Saturday Sig-1gat, ! ' a@'r
12 {'Monday': 'e:@-22:0', 'Tuesday': '6:@-22:8", 'Wednesday': '6:e-22:8', 'Thursday': "5:@-22:@°, 2:0', 'saturday': '6:@-22:8', 'Sunday': 'es:e-22:8'}
13 {'Monday': "7:2@-15:28', 'Tuesday"': Wednesday': "7:2@-15:3@', 'Thursday': '7:3@-15:22'}
14 {'Monday': "1@:@-18:@', 'Tuesda 1g:8-22:8", 'Wednesday 12:8-22:8", 'Thursday': "1@:2-28:@', 'Friday 12:8-22:8', 'sSaturday': "19:8-28:8'}
15 {'Tuesday': "13:3@-22:8', 'Wednesday' 13:38-22:8', 'Thursday' 13:3@-22:8', 'Friday’: '13:38-23:2°, 'Saturday': '13:38-23:8", 'Sunday’: '"13:32-22:8'}
1& {'Monday': '@:e-g@:8", 'Tuesday': 'S:8-17:8°, 'Wednesdsy': '8:8-17:@', 'Thursday': "2:8-17:2°, 'Friday': "S:8-17:8°, 'Saturday’: 'S:2-14:8', 'Sunday’': '@:@-9:2'}
17 {'Monday': "10:8-19:8", 'Tuesday': 'le@:e-19:@', 'Wednesday': '1@:e-19:8', 'Thursday': '1@:e-19:@', 'Friday': '1e:e-19:8', 'Saturday': '18:8-19:8', 'Sunday': "10:e-1%:@'}
18 {'Monday": '8:8-17:0', 'Tuesday': "£:8-17:8", 'Wednesday': 'sS:e-17:8', "Thursday': "8:08-17:8', 'Friday’: 'g:8-17:0°, 'Saturday': '9:@-15:8', 'Sunday': 'o:e-12:@'}
1% {"Monday’: '11:38-28:38", "Tuesday': '11:38-22:32", 'Wednesday': '11:38-2@:3e', ‘Thursday': '11:32-28:38', 'Friday’: '11:38-28:3e", 'Saturday’: '11:3@-28:32'}
iz {"Monday': '8:8-18:@', 'Tuesday"': '8:@-18:@', 'Wednesday': "s:@-13:2', 'Thursday': 'S:8-18:@', 'Fridsy': 's:e-18:8', 'Saturday': 's:8-13:28°, 'Sunday': "1@8: a'r
21 {'Monday': '18:8-21:8°, 'Tuesday': '12:@-21:8', 'Wednesday': '12:e-21:0', 'Thursday '18:@-21:@', 'Friday': 'l@:e-21:@', "Saturday '18:2-21:8", 'Swunday': "1l:e-1%9:2'}
22 {'Monday': "11:@-21:8', 'Tuesday': '11:8-21:8", 'Wednesday': '11:8-21:8', 'Thursday': '11:8-21:8', ‘Friday': '11:8-21:8', 'Saturday': "11:8-21:8'}
3 {'Monday': '11:8-22:8°, 'Tuesday': '11:@-22:@', 'Wednesday': '12:8-22:@', 'Thursday': '1l:@-2@:e', 'Friday': "11l:e-21:@', '"Sgturday': "12:8-21:8°, "Sunday': "ll:e-Zl:@'}
24 None
25 {'Monday”: '8:@-1%:@', 'Tuesday': "8:8-19:8", 'Wednesday': 'S:@-1%:@', ‘'Thursday': "S:8-1%:8°, 'Friday’': "S:8-17:0", 'Saturday': '9:e-13:8'}
2e {'Monday': "11:8-18:8°, 'Tuesday': '11:@-18:8', 'Wednesday': '11:e-18:8', 'Thursday '11:8-18:8', 'Friday': "1l:e-18:@', ‘Saturday’: "11:8-13:8", "Sunday': "1l:@-18:2'}
27 {'Wednesday®': '1g:9-22:8', 'Thursday': "16:@-22:8', 'Friday': "16:0-23:0', 'Saturday': "le:8-23:2'}
28 {'Monday’: 'lg:@-2:@', 'Tuesday': "16:8-2:8", 'Wednesday': '16:8-2:8', 'Thursday': "12:g-@:8", 'Friday’: '12:8-2:8", 'saturday': '11:2-2:2', "Sunday': '1l:@-@:@'}
i) {'Monday’: 'l@:@-2:@', 'Tuesday': '12:8-2:8", 'Wednesday': 'l1@:8-2:@', 'Thursday': "1@:8-@:8"', 'Friday’: '1@:2-1:8°, 'saturday': 'l@:2-1:2', '"Sunday': 'l2:e-@:@'}






After my initial exploration in the first milestone I noticed there were a lot of cities in or near Santa
Barbara, close to where I grew up. To make the project a little closer to home I decided to focus on this
location, but there was an issue with the original data entry where many cities had a variation of the
name Santa Barbara, see below.

pysqldf{"""SELECT DISTINCT state, city FROM bizdf
WHERE city LIKE 'Santa Barb&x'""")

state city
0 Ca Santa Barbaras
1 ca =3n13 Barbars
2 Ca Santa Barbaras
3 ca Sants Barbars,
4 CA SANTA BARBARA AP
3 CA 3Santa Barbars & Wenturs Counties
& Ca Santa Barbra
7 Ca SAMTA BAREARA

To standardize the name of Santa Barbara I used some Python code to rename any city that contained
a variation of Santa Barbara to just ‘Santa Barbara. Code and output below.

str.comtains{ "santa Barbara'), 'city'] 'Santa Barbara';
.str.comtains{ "santa Barbra'), 'city'] = 'Santa Barbara';
.str.comtains{ "santa Barbara'), 'city'] 'Santa Barbara';
].str.comtains{ "SANTA BARBARA'), 'city'] 'Santa Barbara’

bizdf.loc[bizdf|
bizdf.loc[bizdf[

pysqldf("""SELECT DISTINCT state, city FROM bizdf
WHERE city LIKE 'Santa BarbX'"™"")

state city

LU CA  Santz Barbars

This made it much easier to narrow any query Made to just include cities from the Santa Barbara area.

pysqldf("""SELECT DISTINCT state, city FROM bizdf
WHERE city IM ('Santa Barbara', '"Goleta’,
'Isla wista', 'Momtecito')""")

state city

a CA  Saniz Barbars

1 CA Isla Wists
2 CA Goleta
3 Ca Maontecito

After I had that settled, I wanted to see how the ratings and number of businesses and reviews per
business varied between the cities to see if there what differences there were.

pysqldf{"""SELECT DISTIMNCT state, city, COUNT{business_id} AS num_businesses,
avalstars) As avg stars, suM{review count) As total_reviews FROM bizdf
WHERE city IN ('Santa Barbara®, ‘aoleta’,
'Isla wista', "Montecito')
AND categories LIKE 'ECoffeeX’
GROUP BY state, city™""})

state city num_businesses awpg_stars total_reviews
0 CA Goleta 33 375757 2331
1 CA Isla Wists 12 3.418887 830
2 CA Montegito 3 4108087 1015

3 CA&  Sania Barbara 120 3808333 18334






As stated earlier, I was also interested whether hours of operation played a role in rating. I created a
query that displayed average stars based on whether a coffee business was open on weekends, or not,
and whether they closed late (11PM or midnight), or whether they opened early (between 5 and 6AM).

pysqldf("""
SELECT DISTINCT state, city, COUNT(business_id) AS num_businesses,

AVG{CASE WHEN hours LIKE 'ESaturday®’ OR hours LIKE “XSunday®
THEN stars END) AS avg stars weekends,

AVG(CASE WHEN hours MOT LIKE ‘XsaturdayX® AND hours WOT LIKE “XsSunday®
THEN stars EMD) AS awg_stars_noc_weekends,

AVG(CASE WHEM {(hours LIKE "%-23:8%" OR hours LIKE "E-2:0%") AND hours MNOT LIKE "@:9-2:8
THEM stars END) AS avg_stars_cpen_late,

AMG(CASE WHENM hours LIKE '¥5:8-%' OR hours LIKE "%5:3@-%" OR hours LIKE '¥&6:8-3%
THEN stars END) AS avg stars_cpen_early

FROM bizdf

WHERE city IN {'Santa Barbara', 'Goleta',
'Isla vista', "Montecito')
AND categories LIKE 'XCoffeeX’

GROUP BY state, city

"

state city mum_businesses awg_stars_weekends avpg stars_no_weekends avp_stars_open_late avp_stars_open_early
0 CA Goleta 3 3479187 4 500000 3500000 3.307692
1 CaA I5la \ista 12 3400000 3.500000 3.357143 3.000000
2 CA Montecite 3 4.138867 MaN 4 500000 Mah
3 CA Santa Barbara 120 381778 3.515385 3.606567 3.432759

2. Submit 2-3 key points you may have discovered about the data, e.g. new relationships? Aha's! Did you come up with
additional ideas for other things to review?

There is as much as a 0.7 star on average difference between coffee businesses based on city, with
coffee businesses in Isla Vista having the lowest at 3.42 average stars and coffee businesses in
Montecito having the highest at 4.2 average stars.

. Whether or not being open on weekends affects average star rating appears to be location

dependent, as Santa Barbara coffee businesses open on weekends have higher average stars
whereas this is reversed for coffee businesses in Goleta and Isla Vista.

Being open later tends to have a more positive effect on average stars than being open early.

3. Didyou prove or disprove any of your initial hypotheses? If so, which one and what do you plan to do next?

Yes and no, location does appear to play a role, but personally I would have thought that college
students would have given more positive ratings as they are in party mode, and I also would have
thought that the rich folk in Montecito would have been more sparing with positive ratings, I guess
that’s what I get for being presumptuous. Although to be fair, there are only 3 coffee businesses in
Montecito and 12 in Isla Vista, such a small population size could not be representative of the true
population’s feelings.

. Originally, I had assumed coffee businesses open on weekends would be more popular, this is only

true for Santa Barbara, and the reverse is true for Goleta and Isla Vista. Given that Goleta is a
suburb with more of a family presence and Santa Barbara is more of a tourist destination, this may
explain why the variance. But again, the small sample sizes may be skewing results.

I also thought that being open early would have yielded more positive ratings for coffee businesses
than being open late, perhaps people are just crankier in the mornings.





4. What additional questions are you seeking to answer?

Yes, I am still interested in seeing if any keywords in reviews, such as ‘friendly’ or ‘tasty’, play a role in a businesses
rating, this may be a more daunting task however given the sheer size of the review JSON file.






Nate Boyle
5/22/2023
SQL for Data Science Capstone Project:
Milestone 3 Peer-graded Assignment:
“Beyond Descriptive Stats”

Please find my answers to the assignment questions in Verdana and blue.

Review criteria

Dive Deeper

Look deeper into the features you are investigating, consider:

e Relationships / Correlation, Pearson Correlation
e Linear Regression for future prediction (if the relationship is linear)
e Textual Analysis for TF-IDF (Term Frequency-Inverse Document Frequency; Row-based and column-based, stop-
word removal?
Specify 1-2 correlations you discovered. List the fields that you found to be correlated and describe what you learned from
these correlations.

Just as a preface, I am using the ‘review’ table in the Yelp dataset. Similar to the ‘user’ table I used as a
part of the Milestone 1 assignment, the review table was so large (almost 7 million rows), I had to break
the table up into chunks that I then fed into an array of data frames.

chunks = []
for chunk im pd.read_json{r“yelp_academic_dataset review.json", lines=True, chunksize-2egeaa):
chunks .append chunk )

As you can see below even after breaking up the table into chunks with 200K rows each it still led to 35
chunks, but storing those chunk data frames into an array made them much easier to work with.

x=8
for chunks[x] in chunks:
print {x, chunks[x].shape)
X o+= 13
primt{"Total rows:",(x-1)*len{chunks[@]}+len{chunks[x-1]), "Total chunks:", x)

{2@2208, 9)
{Zog2aa, 3)
(zegeaa, 3)
{zegeaa, 3)
{2e20e0, 9)
{2@2208, 9)
(200208, 3)
{2@2208, 9)
(zegeaa, 3)
o (289208, 3)
12 (282009, 9)
11 (282009, 9)
12 (28ee08, 3)
13 (2e2e08, 9)
14 (282009, 9)
15 (2@2e08, 9)
16 (288009, 9)
17 (282008, 9)
18 (2e2e08, 9)
19 (2@2e08, 9)
28 (229009, 2)
21 (288009, 9)
22 (Zeeoes, 2)
23 (2088009, 9)
24 (2@2e08, 9)
25 (2egee0, 9)
26 (288009, 9)
27 (208009, 9)
28 (288009, 9)
29 (2e2e0e, 9)
2@ (288009, 9)
21 (2e2eas, 9)
32 (288009, 9)
33 (288009, 3)
24 (192238, 9)
Total rows: &22@28e Total chunks: 35

LI I R A SR N 3






To perform my initial exploration I used chunk 12, my birthday is 12/12 so 12 is kind of a special number
to me.

chunk_12 = chunks[12]

chunk_12.infa()

<class

Data columns (total 2 columns):

‘pandas.core.frame.DataFrame ' >
RangeIndex: Z@22e@ entries, 2402828 to 2599999

# Column Mon-Null Counmt  Ciype
8 review_id 228888 non-null object
1 user_id 2@a683 non-null object
2 business_id 288888 non-null object
3 stars 228082 non-null inte4
4 useful 228082 non-null inte4
5  funmy 288808 non-null inte4
& cool 206868 non-null intss
7 text 2@a808 non-null object
g date 228808 non-null datetimesda[ns]

dtypes: datetimesa[ns](1), inted(4
memory usage: 13.7+ ME

Y, ocbject(4)

pysqldf{"""SELECT * FROM chunk_12"""}.head(5}

review_id user_id

business_id stars useful funny cool

text

date

0 hvSad-vuBLEcANSELBbzw  3gDclzgXIFzIU-Sc1bTHUwW AX2rQUHO_kalkTiuTwer_Tg 1 (1]

WyUDOhn g bxTEpDAbmAXEAxmElRfm g 12V THZjpEYEW 0

[

auRdwMwigRiTJsDOKVDorA  TBDIgQI2faANIOZbZCURw #gSLirx=3I8nti-xl0znl 2 1

e

Dec_cty5WawS_FWKW3Eiddg  DiLSbdd8A3UaXIDOMGelUuw  56p170_bHVEFEh4md1JAsA § 0

=

ZFqm4DnhSmSTODEIZ04Lw  Z5E-JeUUZDOS_FBSZSmQ  JyOfFuVEGRhLdoM3H 1 Wewd & 1

=)
=

We were greeted nicely and seated right awsy. The table was right near the front door and it was cold. The menu seems to
be obsessed with gariic. Try to find something hot that doesn't have artificial garlic sprinkled on top. My shrimp were very
(good, but my fries were covered with garlic seasoning. Their seasoning has a very bitter taste. | burped gariic all night.\nThe
music was 50 loud, | could not have conversation with my hubby. Could not wait to get out of there. \nSemnvice was good.

Hzd 3 wonderful ribeys and grest service. The regulars at Southside Cigars recommeanded La Trattoris when | asked where
| could get 3 steak without going downtown. They were right on the mensy. The steak was prepsred as | asked and flavored
well. Would go back next time near Indy.

We went to City House with high expectations following several rawe reviews from friends. My girffriend and | had 7:45
reservations on & Thursdsy night ready for 3 spectacular meal, great drinks and fine service. Ve were seated promptly and
wiere guickly grested by the server. Sadly, that was the first and Isst time our server was quick and attentive sbout anything.
We ordened cocktails and waited about fifteen minutes before we received them. We then ordered seversl things to share
ncluding the frice, zuca! ipatoni with duck, gnocchi and clams/octopus. We alse ordered a bottle of wine to share. The
wing took 3 full 20 minutes to amive 3t our table. The food was o sromptly served by food runners. The frico, zucchini and
gnocchi were phenomenal (f hough the g1ccc1| had 3 meat sauce, not indicated on the menu, so inedible for my vegetarian
friend, she ordered pizza instead). The rigatoni was terribly oversalted though (and | like my salt), so we had to send that
back. The clams and octopus were also underwhelming and terribly salty. \ninBy the z of the evenin; my friend and |
wiere starting to wonder if perhaps we just weren't cool enough for the hipster vibe of City House to deserve great service as
the tablez adjacent and behind us were seated, served and ‘out the door after we had arrived and long hefora we had even
ordered after dinner drinks and dessert. Once we did order that last time our drinks took another 10 minutes and dessert
never armived. Ve st at the table with empty glasses for a full 20 minutes. We tried to flag down our waiter but he was
nowhere to be found. Finally, we just got up and asked a hostess if she could help us settle up. The server then came over
to awhkwardly provide excuses (thinking we were just enjoying our (cleary empty) drinks and didn't hear us when we
ordered dessert), and the manager was apologetic and did remove the rigatoni from the check. | understand servers land
“in the weeds” sometimes and there was 3 tsble that came in halfway into our time there, but if he simply asked
for some suppont, we would have likely ordered mare and he would have had a more lucrative evening for himself and his
restaurant. For the innowstive cocktails, unique wine list, pizzas and fresh fare made with seazonal veggies, I'd be eager 1o
give them another shot, but when service is that poor, it unfortunstely casts s pall over the entire experience, making it an
overall disappointment.

Just bought an incredible piece of clothing- 3 cat dress! Wonderful and friendly ladies here. Great and unigue selection.
Can't wait to come back!

I'm here seversl times a week if not more. Food is very good. Remember this isn't fine dining, it's casual breakfast and
lunch. Impressed how ewerything is fresh vs frozen. Omelettes large and fluffy; not cooked on a flat top and folded. Food is
pretty consistent with quality and portion sizes. \n\nStaff wery friendly though | can admit one or two might not maks the best
first impression but all fine now. \ninit is NOT racist and they do not ra\le 3 confederat flag on ¢ pla,’ I'm gay and never
have | felt uncomfortable between staff or customer. Yeah, you see 3 MAGA i w'll also se= anti trump
ietnam vets. Politics is not the reason folks come here; it's for the food. \ninGrag the owner is a nice guy. He's very visible
and enjoys sitting down for a cup of wﬁee with his regulars.

2013-02-14
13:08:29.000000

2015-08-18
18:39:48.000000

2012-05-18
20:42:21.000000

2017-08-13
23:02:10.000000

2018-04-12
19:17:48.000000

Correlated fields: text/stars

For the review table, which contains the actual review text as well as the rating (stars) and other metrics

or identifiers for a review as seen above, I found that the number of stars for a review will correlate with
the text for that review when certain keywords are used. For example, we can see that when the word
‘friendly’ is used in a positive sense, that the average stars are greater than the baseline average stars.

p}lsq].'d-F{"“I-
SELECT ava(stars) AS avg stars,
AVG{CASE WHEN text LIKE "¥friendlyi’

AND text NOT LIKE 'Xnot friendlyk’
AND text NOT LIKE "Xn't friendlyix"
THEM stars END} AS avg friendly stars

FROM chunk_12

III'II'\I

avg_stars avg_friendly_stars

4311188






Go Broader

Expand the features you are investigating. Look for connections/relationships that you may have initially missed.
1. Whatjumps out at you now?

I looked for correlations between stars and other positive keywords in the text field like ‘clean’ or ‘tasty’
and found that they correlated as well.

2. Use the descriptive stats to point you to features that you may now want to consider.
What key terms did you discover in any text analysis, for whom? Any themes? If you are not analyzing text, summarize what
other things you are considering in your analysis?

As you can see below, reviews that contained either word had a higher average number of stars than the baseline average
for the population.

pysqldf( " pysgqldf("""
SELECT -wa;S"GI 5) AS avg_stars, SELECT avG(stars) As avg_stars,
AWG{CASE WHEN t-"xt LIKE ‘¥cleant’ AVGI{CASE WHEN text LIKE "EtastyX’
AND text NOT LIKE '%not cleank' AND text NOT LIKE ‘Xnot tastyX'
AND text NOT LIKE "¥n't cleanX" AND text NOT LIKE "¥n't tastyXx"
THEM stars EMD} AS avg_clean_stars THEM stars EMD) AS avg_tasty stars
FROM chunk_12 FROM chunk_12
awvg_stars awg_clean_stars avg_stars avp_tasty_stars
0 3717745 3873987 0 3717745 4.085512

One theme | am going to explore in the final project is the nature of these positive words and the impact they might have on
business decision making. Not all positive words are of the same nature, they could mean different things for different
business situations.

New Metric

Create 1 or 2 new metrics to track relationships of data you discovered. Explain why you created them.

For the friendly keyword relationship, I created two new metrics. The first metric was a column which
displays whether or not the text contained the word ‘friendly’ and was not preceded by ‘not’ or ‘n't’ so that
the metric was not picking up texts that were saying the business was not friendly. The second metric was
a binary metric stating whether or not the number of stars was considered a good rating, this is ultimately
discretionary, but I considered review with 4 or more stars (5 is the max) as a good rating.

pysgldf ("’
SELECT sfcls text, rew:

¥ E "Text does nmot have 'friendly'™ END AS friendly,
WHEN stars »= 4 THEI 1 ELSE @ END AS good_rating
F’U M Chunl k .12

").head(s
stars text review_id  friendly good_rating
W were greeted nicely and seated right away. The table was right near the front door and it was cold. The menu seems to be obsessed with garlic. Try to find something hot that dossn't have artsficial garlic sprinkled on Text does
0 1 top. My shrimp were very good, but my fries were covered with garlic seasoning. Their seasoning has 3 very bitter taste. | burped garlic all night.\InThe music was so loud, | could not have conversation with my hubby. hwSaxK-vuELOCANSELEDZw  nothave o
uld nct wait o get out of there. inService was good. “Friendly’
. . P N - 3 Text does
Had a wonderful ribeye and great service. The regulars at Southside Cigars recommended La Trattaria when | asked where | could get & steak without going downtown. They were right on the money. The steakwas . :
1 g prepared as | asked and flavored well. YWould go back next time near Indy. WyU0Ohn1Gn0R4MImng\ug '.'f?i;:a,‘;; 1

Ve went ta City House with high expectstions following saveral rave reviews from fiends. My gifriznd and | had 745 reservstions on = Thursday night ready for 3 spectacular meal, great drinks and fine service. We
wiere seated promgsly and were quickly grested by the server. Sadly, that was the first and last time our server was quick and atentive sbout anything. We ordered cockizils and waited about fifteen minutes before we
received them. We then ordered several things to share including the frico, zucchini. rigatoni with duck, gnocchi and clsms/octopus. We also ordered 3 bottle of wine to share. The wine took a full 20 minutes to arrive at
aur table. The food was promptly served by food runners. The frico, zucchini and gnocchi were phenomenal (though the gnocchi had a meat sauce, not indicated on the menu, =o inedible for my vegetarian friend, she
ordered pizza instead). The ngatoni was temitly eversalted though (and | like my salt). so we had to send that back. The clams and octopus wers also undenwheiming and temibly salty. in\nBy the middle of the evening.

P 5 myfriend and | were starting to wonder i perhaps we just weren't cool enough for the hipster vibe of City House to deserve grest service a5 the tables adjacent 2nd hening us wers s=3t=d, s=rved and out the door aiter SuR A WiaRIT SO DKV orA T;f ﬂ:j: 5
we had arrived and long before we had even ordered after dinner drinks and dessert. Once we did order |zst time our drinks took anather 10 minutes and dessan never amved. Ve =3t a3t the tEble with empty ani Hrizndly’
glasses for 2 full 20 minutes. e iried to flag dewn cur waiter 502 he was nowhers ta b2 found. Finall, we just 301 us and asked 3 hestess F sha could help us setle Uz, The servér than came over to avikwardly provids e
excuses (thinking we were just enjoying cur (clearly empty) drinks and didn't hear us when we ordered dessert), and the manager was apologetic and did remove the rigatoni from the check. | understand servers land “in
the weeds” somstimes and thers was 3 large Iahle Ihat came in halfway into our time thers, but if he had simply asked for some support. we would have likely ordered more and he would have had a more | i
ev=ning for hime=H and his restaurant. For the innovative cocktails, unique wine kst, pizzas and frash fare made with seasonal veggies, I'd be 2ager to give them another shos, but when service is that
unfortunately casts 3 pall over the entire expenence, making it 3n overall disappos
3 5 Just bought an incradible piece of clothing- 2 cat dress! Wonderful and friendly ladies here. Great and unique selection. Can'twait to come back!  De_ctyB\WawS_FWKW3Eiddg T;;r“; 1
'm here several fimes & week if not more. Food is very pood. Remember this isnt fine dining, i's casusl braskfast and lunch. Impressed how verything s iresh vs frozen. Omelettes large and fiufly not cogked on a flat
4 5 top and folded. Food retty consistent with quality and portion sizes. \n'n5taff very friendly though | can admit ane or two might not make the best first impression but all fine now. in\nlt is NOT racist and they do not ZFom4DhRSmSTODEIZ04Lm Text has 5
have a canfederate flag on display. 'm gay and never have | felt uncomcriable betwesn staff or customer. Yazh, you see 3 MAGA hat at fimes but youl aise see ant trumg Vietmam vets. Poliios is not the reasan folks = STHT Y Hrizndly'

come here; it's for the foed. \n\nGreg the owner is 3 nice guy. He's very visible and enjoys sitting down for 3 cup of coffee with his regulars.






I ultimately used these metrics to create query results that could be used for AB testing like we did in the
second course in this “Learn SQL Basics for Data Science Specialization”.

pysgldf ("""
SELECT
friendly,
COUNT(review_id) AS reviews,
sumM(good_rating) AS goodratings
FROM
(SELECT stars, text, review id,
CASE WHEN text LIKE 'Efriendlyx’
AND text WOT L !
AND text MOT LIKE "Xn't friendly®"
THEM "Text has 'friendly'" ELSE "Text does not hawe 'friendly'" END AS friendly,
CASE WHEN stars »= 4 THEM 1 ELSE @ ENWD AS good rating

FROM chumk_12) AS test
GROUF BY friendly™ ")

friendly reviews goodratings

0 Text dees not have Triendly’ 172303 108028

1 Tet has Friendhy’ 27887 23008

As you can see below, using the https://thumbtack.github.io/abba/demo/abba.html website we used from
the second course mentioned above, we find that a review containing text with the word ‘friendly’ in a
positive light had a statistically significant (p-value < 0.0001) correlation with a good rating, and on

average was 31-33% more likely to do so.

Label Number of successes Number of trials
Baseline 109028 172303 Remove
Variation 1 23098 27697 Remove

Interval confidence level:
0.95 Use multiple testing correction:

Add another group

p-value Improvement

Successes Total Success Rate
Baseline 109,028 172,303 63% —64% - 1+ — —
(63%)
Variation1 23,098 27 697 83% — 84% - B < 0.0001 31% — 33%
(83%) (32%)

Comparing the AB testing results between the three key words I've chosen here as well as using
visualizations to represent my findings will be the focal point of the last Milestone, assignment 4, in this

course.



https://thumbtack.github.io/abba/demo/abba.html





