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Research Poster: Welby LLC

This poster showcases my contributions to Welby, a startup dedicated to supporting students’ mental health. |
presented this poster at the University of Michigan Undergraduate Research Opportunity Program (UROP)
Summer Symposium 2015.
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Python Chat Integration: Welby LLC

I developed this Python script to integrate the Parse platform into our Welby application. This integration
allowed our team to implement a chat feature using Parse as a backend. This third-party APl integration made
the complex task of integrating a server-side chat feature simple.

# declaring application ID and rest api key
APPLICATION_ID = "LTkPGrlxgflhb5vNeg2bSgUguoZESeSMex9BHuUMx"
REST_API_KEY = "2gDCyfbrdNOjvvkDT7snulAXqR8KzafR45DyLénx"

# importing necessary modules, register to connect to parse, and Object for parsecbjects
from parse rest.connection import register
from parse_rest.datatypes import Object

# registering the company parse account
register (APPLICATION_ID, REST_ API KEY)

# creating class Messages in order to access Messages class in Parse account

myClassName = "Messages"
myClass = Object.factory(myClassName)
¥ sendMessage = MessageClass (message="from sean", messageSessionID="qJkP80Lpt5", userType=False)

# sendMessage.save()

# querying all data in Parse class Messages
message_query = myClass.Query.all()

# printing first message under message header
print message query[0].message

for m in message_guery:
print m.message

def sendMessage (msgstring):
sendMessage = myClass (message=msgstring, messageSessionID="gJkP80Lpt5", userType=False)
sendMessage.save ()

def querymsg():
message_query = myClass.Query.all()
print message_query[len(message_query) - 1].message




Stata Analysis

In this Stata project, | incorporated non-linearities in a linear regression model by using different functional
form specification. All Stata output was calculated using two separate datasets. In Part |, the dataset provides
worker wage data, years of education, and years of experience. Part Il uses a dataset that contains the number

of car accidents in California by month. | used this data to study the relationship between unemployment,

California motor vehicle laws, and car accidents.

Part |

. reg wage educ exper expersq

Source SS df MS Number of obs

F(3, 2057)

Model
Residual

24286739.1 3
119161332 2,057

8095579.68
57929.6705

Prob > F
R-squared

Total

143448071 2,060 69634.9861

Adj R-squared
Root MSE

wage

Coef. Std. Err. t

[95% Conf. Interval

P>|t|

educ
exper
expersq
_cons

56.39506
62.87801
-1.867866
-542.7231

2.925693
6.216213
.3209525
58.24455

0.000
0.000
0.000
0.000

50.65743
50.68728
-2.497292
-656.9475

62.13269
75.06874
-1.23844
-428.4986

e The effect of the 1t year of working experience on log-wage: The first year of working experience is
predicted to increase someone’s wage by $62.88.

e The log-wage increase from the 11th year of working experience is $25.48, which is less than the
$62.88 wage increase from the first year of working experience.
v’ 2(-1.87)(10) = 37.4
v’ 62.88-37.4 = 25.48

e The coefficient for exper is statistically significant because its p-value of O is less than .05.

. test exper expersq

(1) exper =0
( 2) expersq = 0
F( 2, 2057) = 144.06
Prob > F = 0.0000

e Since the p-value of this F-test is 0, we reject the null at any significance level.



. gen count=(exper>17.6)
. tab count
count Freq. Percent Cum.
0 2,051 99.51 99.51
1 10 0.49 100.00
Total 2,061 100.00

With a turning point of 17.6 years of experience, there are 10 people with more than 17.6 years of
experience.
v 62.878/-3.6=17.467~17.6

. reg wage educ exper interaction

Source SS MS Number of obs

F(3, 2057)
Model 24391081.8 8130360.61 Prob > F

Residual 119056989 57878.9448 R-squared

Adj R-squared

Total 143448071 69634.9861 Root MSE

wage Coef. Std. Err. P>|t]| [95% Conf. Intervall

educ 22.89312 5.999083 0.000 11.12821 34.65803

exper -25.10526 9.093929 0.006 -42.93953 -7.270992
interaction 3.926066 .6570692 0.000 2.637476 5.214657
_cons 65.74801 90.29255 0.467 -111.3263 242.8223

Take the derivative of the conditional mean log-wage, given by: B1 +B2*educ + B3*exper +
Alphal*exper*educ, which equals B3 + Alphal*educ
Ho: Alphal=0
v Given the null, I predict that the alternative is: Alphal =/=0
v At the 1% significance level, we fail to reject the null that return to experience does not
depend on level of educ, because the p-val for interaction is 0, which is less than .01.



. reg wage educ exper expersq IQ

Source SS MS Number of obs

F(4, 2056)
Model 26213134.9 6553283.72 Prob > F

Residual 117234936 57020.8835 R-squared

Adj R-squared

Total 143448071 69634.9861 Root MSE

wage Coef. Std. Err. P>|t| [95% Conf. Intervall

educ 49.22841 3.153675 . .000 43.04368 55.41315
exper 64.92916 6.177349 . .000 52.81465 77.04367
expersq -1.936303 .3186427 . .000 -2.561199 -1.311407
IQ 2.313721 .3980662 . .000 1.533066 3.094376
_cons -691.4854 63.20014 . .000 -815.4283 -567.5424

The OLS estimate of the slope is 49.23, which means that a one-year increase in education gives a
$49.23 increase in log-mean wage. It decreased from part one because this estimate includes 1Q, and
cov(educ, 1Q) =/=0.



Partli

When beltlaw changed from 0 to 1 in the dataset is when California introduced the Belt Law.

v" Jan 1986 is when the Belt Law was introduced.

. reg totacc

Source

SS

df

MS

year feb mar apr may jun jul aug sep oct nov dec

Number of obs
F(12, 95)

Model
Residual

1.8088e+09
463535721

150732516
4879323.38

Prob > F
R-squared

Total

2.2723e+09

21236690.8

Adj R-squared
Root MSE

totacc

Coef.

Std.

Err.

P>|t|

[95% Conf.

Intervall

year
feb
mar

1400.
-1525.
3589.
1125.
1835.
1465.
2336.
3142.
2750.
4622.
4215.111
5538.333
-2738814

111
222
333
889
556
556
444
556
222
667

82.32155
1041.
1041.
1041.
1041.
1041.
1041.
1041.
1041.
1041.
1041.
1041.
163409.9
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-16.

.000
.146
.001

1236.682
-3592.453
1522.103
-941.3419
-231.6753
-601.6753
269.2136
1075.325
682.9914
2555.436
2147.88
3471.103
-3063224

1563.54
542.0086
5656.564

3193.12
3902.786
3532.786
4403.675
5209.786
4817.453
6689.897
6282.
7605.
-2414404

There is seasonality in accidents; if there was no seasonality in accidents, the coefficients would be

ZEro.

. reg totacc

Source

unem year feb mar apr may jun jul aug sep oct nov dec

SS

df

MS

Model
Residual

1.9280e+09
344316137

13
94

148308444
3662937.63

Total

2.2723e+09

107

21236690.8

Number of obs
F(13, 94)
Prob > F
R-squared
Adj R-squared
Root MSE

totacc

Coef.

. Err.

P>|t

[95% Conf.

Intervall

-994.0684
870.2175
-1447.906
3213.796
396.9054
819.3968
725.527
2137.631
2380.437
1700.
3595.
3287.
4477.
-1679166

174.2438
1085
3136

6099

902.
904.
911.2154
919.6257
911.4889

902.8846

912.048
920.7682
920.0026
916.7518
921.1569
233548.4

.000
.000
.112

-1340.033
637.6957
-3239.47
1417.672

-1412.334

-1006.542

-1084.256
344.9323
569.5438
-127.279
1768.776
1467.082
2649.015
-2142882

.664
.375
.428
.020
.011
.068
.000

.000
.000

-648.1033
1102.739
343.6591
5009.921
2206.145
2645.335

2535.31
3930.329
4191.329
3529.135

5422.15
5107.546
6306.973
-1215450

Lower unemployment means that more people must drive to work, and the lower unemployment also
means higher economic activity. Therefore, the negative coefficient on unem makes sense. A 1%
increase in unemployment rate reduces the number of total accidents by about 994, controlling for
seasonality. This is statistically significant at the 1% level because the p value of zero is less than
.01.



reg totacc feb mar apr may

Source

SS

MS

Model
Residual

2.0300e+09
242338686

144999088
2605792.32

Total

2.2723e+09

21236690.8

Number of obs
F(14, 93)
Prob > F
R-squared
Adj R-squared
Root MSE

jun jul aug sep oct nov dec beltlaw spdlaw unem

108

totacc

Coef.

. Err.

P>|t]| [95% Con

f. Intervall

feb
mar
apr
may
jun
jul
aug
sep
oct
nov
dec
beltlaw
spdlaw
unem
_cons

-1446.774
3208.301
386.2376
943.6156
853.7867
2273.811
2508.373
1824.662

3719.52
3412.826
4601.566
5661.487

-1251.802

-1008.615
46091.75

.0514
763.0423
768.7683
774.2991
768.3369
763.0553
768.7336

775.16
774.5826
772.1549
775.4538
534.7462
534.1831
149.0033
1446.066
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.060
.000

-2958.072
1693.05
-1140.384
-593.9889
-671.9782
758.534
981.8204
285.3477
2181.352
1879.479
3061.669
4599.587
-2312.584
-1304.506
43220.15

64.52302
4723.552
1912.859
2481.22
2379.551
3789.087
4034.926
3363.976
5257.688
4946.172
6141.464
6723.387
-191.0205
-712.7244
48963.35

The coefficient on spdlaw is negative, which means a higher speed limit decreased traffic accidents.
v People may have become more cautious after the increase in speed limit.

. reg totacc

Source

feb mar apr may jun jul aug sep oct nov dec beltlaw spdlaw unem year

SS

df Ms

Model
Residual

2.0644e+09
207965033

137624059
2260489.49

Total

2.2723e+09

21236690.8

Number of obs
F(15, 92)
Prob > F
R-squared
Adj R-squared
Root MSE

108

totacc

Coef.

. Err.

P>|t]|

[95% Conf.

Intervall

feb
mar
apr
may
jun
jul
aug
sep
oct
nov
dec
beltlaw
spdlaw
unem
year
_cons

-1459.42
3269.725
505.4724
1197.
1062.
2394.
2720.
2084.
3975.
3652.
4862.
4308.
-2043.126
-846.0225
514.7668
-976220.7

.8427
8641
6753
1126
6245
3725
0627
0375
4175
7986
3527
9502
537.3253
144.9084
132.0076
262166.8

1
N
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606.

.042
.000
.482
.102
.142
.001
.000
.005
.000
.000
.000
.000
.000
.000
.000
.000

-2867.243
1857.887
-917.9066
-240.4036
-362.5114
981.4067
1294.818
644.2255
2536.702
2218.95
3422.311
3103.353
-3110.301
-1133.823
252.5883
-1496907

-51.59754
4681.
1928.
2635.
2488.
3807.
4147.

3524.2
5414.213
5086.059
6303.537
5514.264

-975.9515
-558.222
776.9454

-455534.7

When controlling for year, the coefficient on spdlaw is

is statistically significant at the 5% level.

The OLS estimate of spdlaw decreased once we added year to the regression because of omitted
variable bias. This is because we didn’t consider the time trend in total accidents. The first regression of

—2043, which is less than the coefficient when
not controlling for year. Since spdlaw has a p-value of 0, which is less than .05, we can conclude that it




the OLS estimate of the coefficient on the spdlaw was biased up. The bias was positive because
corr(year, totacc) > O: there was a positive time trend in total accidents; and corr(year, spdlaw) > 0.

. reg prcfat feb mar apr may jun jul aug sep oct nov dec beltlaw spdlaw unem

Source

SS

df

MS

Model
Residual

.670841928
.394406228

.047917281
.004240927

Total

1.06524816

.00995559

Number of obs
F(14, 93)
Prob > F
R-squared
Adj R-squared
Root MSE

108

prcfat

Coef.

Std.

Err.

[

>t [95% Conf.

Intervall

feb
mar
apr
may
jun
jul
aug
sep
oct
nov
dec
beltlaw
spdlaw
unem
_cons

-.0030758
-.0015291
.0572332
.0757831
.1003331
.1693277
.1878873
.1550841
.0940974
.003512
.0020653
.1000755
.0259248
.0069638
.9028632

.0307026
.0307829
.0310139

.031237
.0309965
.0307834
.0310125
.0312717
.0312484
.0311505
.0312836
.0215729
.0215502
.0060111
.0583376
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.920
960
.068
.017
002
.000
.000
.000
.003

-.064045
.0626578
.0043542
.0137526
.0387802

.108198
.1263026
.0929847
.0320442
.0583467
.0641882
.1429149
.0168696
.0189007
.7870162

.948
.000
.232

.000

.0578934
.0595996
.1188206
.1378136
.1618859
.2304574
.2494719
.2171836
.1561506
.0653707
.0600577
-.057236
.0687192
.0049731

1.01871

The slope on spdlaw is .026, which implies that accidents increased by .026 on average once the speed
law was introduced, accounting for seasonal influence and the unemployment rate. This is not
statistically significant at a significance level of 1% because .232 > 0.

. reg prcfat feb mar apr may jun jul aug sep oct nov dec beltlaw spdlaw unem year

Source

SS

df

MS

Model
Residual

.764194266
.30105389

15
92

.050946284
.003272325

Total

.06524816

107

.00995559

Number of obs
F(15, 92)
Prob > F
R-squared
Adj R-squared
Root MSE

le8

prcfat

Coef.

Std. Err.

P>|t|

[95% Conf.

Intervall

feb
mar

apr
may
jun
jul
aug
sep
oct

nov
dec
beltlaw
spdlaw
unem
year
_cons

.0024167
.0047301
.0510194
.0625394
.0894431

.163051

.176809
.1415581
.0807596
.0089784
.0156855
.0295827
.0671634
.0154371
.0268263
54.17908

.0269697
.0270467
.0272678
.0275507
.0273039

.027066
.0273205
.0275859
.0275623
.0274627
.0275979

.023093
.0204439
.0055134
.0050226
9.974812

.929
.862
.065
.026
.001
.000
.000
.000
.004
.744

.203
.001
.006
.000

-.055981
.0584471
.0031367
.0078213
.0352153
.1092956
.1225481

.08677
.0260184
.0635217
.0704973
.0754474

.02656
.0263872
.0368015
34.36824

.0511475
.0489869
.1051756
.1172576
.143671
.2168064
.23107
.1963461
.1355008
.0455649
.0391263
.0162819
.1077668
-.004487
-.016851
73.98992

When we add variable year to the regression, the slope on spdlaw increases

v cov(spdlaw, year) =/=0.
After adding variable year, the higher speed limit does not have a statistically significant effect on the
percent of fatal accidents at a 1% significance level



Web Scraper Demonstration

This is a tutorial | created for the office during my time at SVN Stewart Commercial Group to improve office
efficiency by automating data collection and organization. My post was featured on the University of Michigan
College of Literature, Science, and the Arts (LSA) Summer Vocation 2016 blog.

Web Scraping for Collecting Data and Acquiring Contacts

Web scraping is a software method for obtaining data from web pages. The method outlined in this tutorial shows
a program that allows a user to extract data that is in the form of a list, such as a search result or table.

To download, search “Chrome scraper” in Google and open the first search result (it should be a link to the Chrome
webstore.) Now, you should see a screen similar to this:

whhh
OVERVIEEW REVIEWS SUPPORT RELATED
Scraper -
, -~ —— oy Scraper gets data out of web pages
. and Into spresdsheets
[
.-
v
- W e— T
8 et & gyvs Additional Information
" svanpesss —
o v - ] Aprd 20, 2 3
_ B
tnghah
USERS OF THIS EXTENSION HAVE ALSO USED
anylish Google Analytics Clear Cache -~ Tag Assistaret (by
< AR Debugger / cennd L X Google ) >
Rk Thhw

In the top right corner of the Scraper window, there is a button that says “Add to Chrome.” In my screen above, this
button says “Added to Chrome,” since I have already added this extension.
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Now that we added the extension to Chrome, we can now start scraping data. For example, if | wanted to scrape
contacts from a LinkedIn Search for “Manager”:

48,181,895 rasults Sor Manaper

Somp search results have been filered 1o improve devance

all

Jall Schuster /Y >
Manager, Takeet Acasion at Partcse Cosiasct

Manager, Talent Acquistion at Perioent
Manager, Recnating at Pericent
Comporate Recruitee ot Perficient

S Technical Recruller at Hako Group

Snkanth Nambaru 3
SeDelivery Manages at Opanloges Comporator m ~

S Delivery Manager at Openlogix Corporaon

[ would highlight then right click one of the names on the screen, which gives us this menu:

,lQ__&_[]_LLﬂ S ; 0 link t
)pen link in new tab

Manager. Ta Connect i
Open link in new window

Similar

Open link in incognito window
Manager, Tal

Manager, Re Open link as X
Corporate Re
Sr. Technical Save link as...

Copy link address
Snkanth ©

SO ¢ Scrape similar.. Send InMail BN

Sim

Similar Inspect
SrDelivery Manager at OpenLogix Corporation

F Nick Knight 3«
General Manager at Crowne Plaza Detroit-Novi | Cnest Tttt BB

As you see, we have a new option under the right-click menu that says “Scrape similar....” This becomes an option

after we downloaded the Scraper extension.
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Click on Scrape similar. Now we have this menu that has the names we highlighted and the link to that person’s
profile. The reason why we have names and links in this data set is because we’re scraping search results that are
hyperlinks.

f Scraper - Search | Linkedin — O );
Lok
f Search | Linkedin
e 1 e taps Awww inkedin. comuprofieview
Schuster GeADEAAAIAN OB vO IIVC 24z 0be Ved9X082gRPSEUS auth Type=OPENLINKAauth Tokeneiiy
Seleator b anth MIps Awvww ik edin comipr ofienew "= ADEAAAD 2vsBR 4JhabF M
Nambary SC 20 OekwBI) TypesnameSauh TokensGIbDEkc seman_USEsrchid=4542160441
p W h U
XPath v 'div)
el L 1 Nick Knght
X_Slocalesen_USasrohided
4 432068 won0n =ALanager &b wesp_obs_chisier_heaser Shikimfo='SRPyear b 34
olumns Joan
reauts for
Manager
XPam Name
Dave 1aps Mwww Nk edin comuprofie/view
Link > © Marray d=ADEAAAC Ml Bak sANM AL 3Ny T daPgz EDGO0 Zhs A auth Ty pesnames auth Tok ene2vnibio
o head g > ) 6  James Maps Awww i Wiy ofe view?
@hvel URL Campau  U=ADEAAACPGKABSENDyIMCZIeULEHONCYIPAGNGRIUINTY pe=OUT_OF NETWORKS
Firers ¥. ’
Prosety Resst Scrape 0 ey 0 cipboarg Export 1o Google Docs

Now that we have the data we want, we can export this information to Google Docs by clicking the “Export to
Google Docs” button in the bottom right hand corner of the Scraper window, which will open a window with a
populated Google Document like this:

e Search | LinkedIn 2] >
Fle Edt Ve Insest Formmt Dot Tools Addons Help Cormmets m

ST v mgw Arad 10 7oA - | -r co @MY I
ink
A - [ ¢ r G " | , L
Uné 1URL
.
Jott Schuster hed poat . OB O CyiXiezg vk t L,
Sl arth Namiar b1 ( f ADd f f A CeKuEIMIYSa ’ % puuth Tk Locae=en USSsr 121
4 Nck Knig R | 5 1l . —
420,354 Jobrs res (jobs/search ™ eywords=Managerditkevep jobs cluster headerdtrkinfo=VSRP searchid®s 344542 1604414678280 26336% 2CVSRPcmpt® 3Ajobs _ cluster
Diavid Murray i) nkad peol " ! il A X IR 3 30 > 2 ] =
James Campau il hed prof i 5 . Iy HOL 1 giiauih | vz e 5 s 1
3 WMl Poirles [ f Xi . . NS K th1ys f (K Bauth Toke . g4 5 i {

) Rick Bang
1" Victor Martn
1 Crristopher Floe Nl

12 Kelly Vieaver

As you can see, this pulled all of the names and links to profiles on the page. It also pulled an advertisement from
the page; we can remove this ad by right clicking the row and selecting “Delete Row.”

We can pull results from multiple pages by going to the pages that we want to scrape and repeating this process.
When we export each page to a Google Document, it will appear on a separate document. To put the information
across multiple documents on to a single document, copy and paste the results from subsequent documents on to
the first document.
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We also have some control over what we can scrape from the web page. For example, if we highlight a name with
the current and previous job titles and select “Scrape similar,” our Google document will look like this:

Search | LinkedIn -3 e
File E®R Vew Inset Format Data Tools Add-oms  Help  Laal o was 50 minutes #p Comments n
S e AT 5 %o A - W - B I GA. &.H -l co@Y
fx
A 8 C D E F [} [ ' J . [

Taxt

Some search results have been Slteced to Improve refevance Show ol resuks

Jetf SchusterPromium BadgelrdManager, Tafert Acquisition ot PerSiclentLocalionGreater Detrolt Arealndustrybeformation Tectnology and Services SimlarCumentianager Talent Acquisition at Pediclent®astMan,

Sekanth Nambaru3edSr Dellvery Mamager at OpenLogix CorporationtocationGreater Datrok Arsaindustry Statting and RecrutingSimiarCumnentSr Deltvary Manager at OpenLogix ComporationSand inMaiSecondary

Nch KnightrdGanecal Manager at Croens Plaza Detroit-NoviLocationGesater Deteoit ArantadusteyHosgitality SimiarCument Ganersl Manages 8 Doy Acquisition Manager m Crowne Plaza® Hotels & Resc

Only show peopls in United States 7FlterVhat's this 7Use our suggestion 1o refine your search snd get mone pracise results

420,354 Jobs resuits for ManagerfN SUPERVISCORVerical StafiingsMidwest Key Account Managerl ORD ComporationCost Analytics Manager - Clean Sheet | Purchasing ManagerLear Corporation

David Mumay SrcManager. Soclal Media at Blee Cross Blue Shield of MichiganLocationGreater Detrolt AreaindustryPublic Relations and Communications SmilarCumertManager, Soclal Media at Blue Csoss Blue ¢

James CampaungSales Manager | MLOLocationGreater Detrok Arealndustry Flnancial Services? shawed comnections SimilarCument Sales Manager NMLS 136204 Licensed in MI ot Luxury Mertgage Corp Cennec
10 SlideShare resiits for Manageel! Controls addControl” control-dust-cinet-5" “ImageBackup” (alimage hitp cda shdesharecdn comiss_thumboais/managersimed mor-5s kilsevery successfulmanagemesds- 1605
11 W PoitierPremiom BadgsdSaniorn IT Managerl ocationGesater Detrot Areal yird tion Technology and ServicesSimlarCuarentSenior IT Manager of Agplic ation Development 3t AcxiomPas!iT Manage:
12 Rick BangsdediT Accourt Manager HR Legal. Customs. Masketing and Commumications al Defphi Corporationl ocationGeeater Detrot ArealndusiryAx SimbarCurent! T Account Manager HR. Legal Cu
13 Victor MartindrdGenaral Manager at The Kingsley inn/HIS CorporatienLocationGreater Detrolt AreaindustryHospitalty SimlarCurentGeneral Manages at The Kingsley Inn at The Kingsley InnSend InMaitSecondan
14 Crristopher FlosterdadTraining Manager &t Allegls Global Solutions LecationGreater Detrolt Areaindustry Stafing and RecrultingSim BarCurent Training Manager RPO. Nosth America at Alegis Global SchuionsSernx
15 Kally Weaver r@Marsbouse Manager it Xparisnc el ocationGraater Datrok Arsaindusiry Logistics and Supply ChainSimiarCumentWarshous e Managsr at XpedenceSend InMalSecondary Actions

R e

However, we have little control over how the program displays data: we can remedy this through manual
manipulation of the data or exporting the Google Document to Excel and modifying the display settings.
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