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InUSodVcUion
We Xorked Xith UberǠs Traffic Dataset for the DATA 100 Final Project. In the
design docVment (part 1), Xe proposed oVr hZpothesis bZ eYploring the time
traWeled dataset. In this final report (part 2), Xe largelZ focVs on the motiWating
factors for oVr baseline models and oVr improWements throVgh WisVali[ations
and statistics methods.  In the end, Xe added a section aboVt fVtVre Xork.

DeTign DocVmenU RepSiTed
When Xe Xere eYploring the dataset in oVr open EDA, Xe foVnd that there Xas
a drastic decrease in the time traWel after the COVID 19 lockdoXn Xas imposed.
FVrther, plotting the choropleth maps Vsing geometrZ, Xe Xere able to see the
regional Wariations Xithin the time traWel Xhen taken as a proportion (pre-coWid
time traWel / post-coWid time traWel). This motiWated Vs to think if  these
differences coVld be dVe to differences in high-income and loX-income areas.
This Xas oVr motiWating thoVght behind oVr hZpothesis.

NVll HZpothesis:
Median income bZ censVs tract is positiWelZ correlated Xith the proportion of

pre-coWid time traWeled oWer post-coWid time traWeled.

AlternatiWe HZpothesis:
Median income bZ censVs tract is not positiWelZ correlated (0 correlation or
negatiWe correlation) Xith the proportion of  pre-coWid time traWeled oWer

post-coWid time traWeled.



BVilding Uhe Model
One of  the toVghest parts of  the modeling Xas to bVild a data frame consisting
of  releWant featVres to rVn oVr model oWer.  For oVr hZpothesis, Xe Xanted to
Vnderstand hoX income leWel in a region affects the mean traWel time. HoXeWer,
the dataset proWided to Vs jVst contained the destination name and its associated
geometrZ points and mean traWel time from HaZes ValleZ. We Xorked cleWerlZ
aroVnd the data collection process:

1. We brainstormed on the granVlaritZ of  the dataset that Xe need to merge
oVr eYisting dataset Xith. Debating throVgh seWeral options like Vsing
plVs_codes matriY for SF data throVgh google plVs_code or Vsing
clVstering to diWide oVr geometric points, Xe thoVght it XoVld be best to
Xork Xith the censVs tract becaVse firstlZ, it is easier to eYtract censVs tract
ID and the associated median income from goWernment Xebsites.

2. The neYt challenge Xas to find hoX to combine oVr eYisting table Xith
destination name and geometrZ points Xith the neX dataset containing
censVs tract ID and its median income. In order to do this, Xe decided to
leWerage the MULTIPOLYGON geometrZ points and find a json dataset
that contains geometrZ points for the censVs tract ID.

3. NoX, Xe haWe three datasets:
a. censVs_readZ_to_merge: contains the censVs tract ID and the

associated median income
b. sf_geo : contains the censVs tract ID and geometrZ points

(MULTIPOLYGON) dataset as geopandas
c. pre_post: this is the cleaned dataset from oVr open EDA Part 1

Xhere Xe organi[e the tract_to_times (giWen dataset) sVch that in
oVr table, Xe merge the pre-coWid (pre_named) dataframe neYt to
the post-coWid (post_named) side bZ side.

After cleaning oVr colVmn labels and WalVes sVch that theZ are Vniform
across all dataframes, Xe perform merge and sjoin to combine oVr
dataframe together.



NoX, Xe haWe a finali[ed dataframe ǟmatch_censVs_pre_postǠ that contains
DestinationǠs Name, MoWement ID, GeometrZ points, pre coWid mean traWel
time, post coWid mean traWel time, censVs tract for the destination, and its
associated hoVsehold income.

In order to make a robVst featVres table, Xe fVrther Vse the speeds_to_tract
dataset and merge it Xith match_censVs_per_post to get the latitVde and
longitVde of  the destination. With this, Xe finali[e oVr ǟmatch_censVs_pre_postǠ
to haWe the folloXing colVmns:
DestinationǠs name, moWement ID, latitVde, longitVde, censVs tract, hoVsehold
income, pre-coWid mean traWel time, pre-coWid loXer boVnd for mean time
traWel, pre-coWid Vpper boVnd for mean time traWel, post-coWid mean traWel time,
post-coWid loXer boVnd for mean time traWel and post-coWid Vpper boVnd for
mean time traWel.

BVilding Uhe BaTeline Model

In order to begin oVr modeling to see if  the censVs tract median income Xas
positiWelZ correlated Xith the proportional difference betXeen pre-coWid and
post-coWid traWel times, Xe had to create a neX colVmn Xhich displaZed the
proportional difference betXeen pre-coWid and post-coWid times. To do this, Xe
constrVcted a neX colVmn in oVr GeoDataFrame Xhich took the pre-coWid
(left) times and post-coWid (right) times, diWiding pre-coWid oWer the post-coWid
times.

Taking the proportions of  pre-coWid and post -coWid lockdoXn gaWe Vs a ratio
eYpected aboWe 1 for more or less all the roXs in the table. This Xas becaVse the
pre-coWid times Xere in general larger than the post-coWid times. OVr
before/after stemmed from Vs thinking of  Vsing an after/before time
proportion, as it XoVld be more intVitiWe since the times had all decreased bZ a
certain proportion. HoXeWer, this XoVld giWe Vs a negatiWe correlation WalVe
Xith the incomes, since Xe Xere hZpothesi[ing that as income increased, then



the difference betXeen the pre-coWid and post-coWid times increased. In order to
shoX this accVratelZ in comparison to each element in the dataset, Xe Vsed
pre-coWid/post-coWid traWel times so Xe XoVld eYpect a positiWe correlation Xith
proportion and income.

To see if  median income bZ censVs tract Xas a good predictor of  the
proportional difference betXeen pre-coWid and post-coWid traWel times, Xe
began Xith a Simple Linear Regression model to estimate the sole effects of
median income on the proportional difference. We started Xith oVr neX table:

Selecting oVr ǟHoVsehold IncomeǠ as oVr X and the ǟproportion before/afterǠ as
oVr Y, Xe Xere able to deWelop a training and test split at a test si[e of  0.3 of  the
dataset. We fVrther implemented the LinearRegression from sklearn to fit oVr
data and eWalVated the score on test and train sets. OVr resVlts Xere qVite
shocking and WerZ interesting. OVr scores on X test and Z test Xere 0.00511,
Xhich Xas eYceptionallZ loX. This indicated that oVr model, throVgh solelZ Vsing
median income, Xas eYtremelZ inaccVrate in predicting the proportional
difference.

OVr hZpothesis Xhich Xas that median income bZ censVs tract is positiWelZ
correlated Xith the proportion of  pre-coWid time traWeled oWer post-coWid time
traWeled, seemed to be moWing toXards the alternatiWe that theZ are not Xell
positiWelZ correlated. As oVr prediction score Xas WerZ loX, Xe decided instead,
since this Xas a continVoVs Wariable being predicted, that a moWe in Xitnessing
the mean sqVared error Xas more plaVsible. We then took the mean sqVared
error and receiWed a WalVe of  0.04090.

In order to WisVali[e Xhat oVr linear regression Xas Xhen comparing the test
WalVe Xith the predicted WalVes, Xe plotted a scatter plot Xith oVr linear
regression model rVnning throVgh it. Here Xe Xitnessed a WerZ dispersed
amoVnt of  data and a line that indicates a loX leWel of  correlation (not positiWelZ
correlated as Xe had hZpothesi[ed).



In addition, Xe Xanted to depict Xhat the distribVtion of  oVr predicted WalVes
Xas compared to the test WalVes. We graphed each of  the predicted and test
WalVe distribVtions and saX a massiWe difference. There is WerZ little oWerlap
betXeen oVr Test ValVe and Predicted Y WalVes as shoXn in the graph. From
this distribVtion, it is eWident that oVr baseline model consisting solelZ of  median
income hoVseholds as a featVre has a WerZ loX accVracZ in predicting the mean
traWel time.



DVe to oVr WerZ loX R-sqVared WalVe, and a coefficient that is eYtremelZ close to
0, Xe haWe rejected oVr nVll hZpothesis, that median income bZ censVs tract is
positiWelZ correlated Xith the proportion of  pre-coWid time traWeled oWer
post-coWid time traWeled, in faWor oVr oVr alternatiWe hZpothesis, that median
income bZ censVs tract is not positiWelZ correlated (0 correlation or negatiWe
correlation) Xith the proportion of  pre-coWid time traWeled oWer post-coWid time
traWeled.

ImpSoWemenUT - FeaUVSe EngineeSing
Seeing the loX R-sqVared prediction score for oVr model trained on jVst the
median income of  the destination, Xe reflected oWer oVr DATA 100 lectVres and
got inspired from oVr recent homeXork, Spam/Ham I Xhere Xe attempted to
bVild a model that gets Vs a 88% score. LeWeraging oVr domain knoXledge
aboVt time traWelled, Xe decided to Vse featVre engineering to pick releWant
Wariable featVres from oVr dataset Xhen creating oVr model. Looking at the oVr



cleaned dataset, Xe brainstormed oWer seWeral featVres and decided to add the
folloXing colVmns to oVr dataset:

- LatitVde and LongitVde: In oVr original dataset, Xe are giWen the mean
time traWel to the specific destination. RoVghlZ, looking oWer oVr
proportions colVmn, Xe obserWed that destinations that lie in the same
censVs tract haWe more or less similar mean traWel time. Therefore, Xe
decided to inclVde latitVde and longitVde as it makes it easier for the
model to predict oWer these WalVes. AdditionallZ, latitVde and longitVde
giWe Vs a sense of  distance Xhich is more intVitiWe to Vnderstand the traWel
time that is largelZ dependent.

- Range (LoXer BoVnd Proportion): While the latitVde and longitVde Xere
more intVitiWe featVres, Xe took inspiration from the google maps in order
to Vnderstand Xhat more featVres to Vse. While comparing time traWel
betXeen different points, Xe noticed hoX google maps XoVld first shoX
the roVte Xhich takes the least amoVnt of  time. Seeing hoX oVr giWen
dataset comes from Uber, Xe decided to Vse the loXer time range as the
driWers XoVld alXaZs prefer roVtes Xhich haWe the shortest traWel time.
Also, haWing a loXer range makes oVr model more sVsceptible to
eWalVating changes in sitVations like imposing COVID 19 lockdoXn Xhere
Xe see a drastic decrease in the time traWel from oVr Open EDA Model in
part 1. We create this colVmn bZ diWiding the pre-coWid loXer boVnd range
Xith post-coWid Vpper boVnd range.

In this effort to improWe the model Xith featVre engineering, Xe created a
MVltiple Linear Regression (MLR) model compared to Single Linear Regression
(SLR) in oVr baseline model.

OVr first attempt in featVre engineering Xas selecting oVr featVres: ǟHoVsehold
IncomeǠ and ǟRange ( LoXer BoVnd Proportion)Ǡ as oVr X and the ǟproportion
before/afterǠ as oVr Y.  We thoVght that these tXo featVres XoVld be more
releWant as it is the time traWelled Vsing the Uber dataset that Xe Xere trZing to
predict and from oVr Vnderstanding of  Vber algorithm, total time of  the ride is
eYtremelZ important in order to calcVlate seWeral metric for the ride (like cost,



driWer aWailabilitZ etc.). After selecting the featVres, Xe Xere able to deWelop a
training and test split at a test si[e of  0.3 of  the dataset. We fVrther implemented
the LinearRegression from sklearn to fit oVr data and eWalVated the score on test
and train sets. OVr resVlts Xere consistent Xith Xhat Xe eYpected as oVr scores
on X test and Z test Xere 0.23891, Xhich Xas a massiWe jVmp from oVr preWioVs
WalVe of  0.00511. This encoVraged Vs to consider adding more featVres to oVr
models and increasing oVr score.

This time Xe selected oVr featVres: ǟHoVsehold IncomeǠ, ǟLatitVdeǠ, ǟLongitVdeǠ
and ǟRange (LoXer BoVnd Proportion)Ǡ as oVr X and the ǟproportion
before/afterǠ as oVr Y. Then, Xe Xere able to deWelop a training and test split at
a test si[e of  0.3 of  the dataset. We fVrther implemented the LinearRegression
from sklearn to fit oVr data and eWalVated the score on test and train sets. OVr
resVlts Xere qVite shocking and WerZ interesting. OVr scores on X test and Z test
Xere 0.56418, Xhich Xas a massiWe jVmp from oVr preWioVs WalVe 0.00511. This
indicated that oVr model performed to giWe a better accVracZ from applZing
featVre engineering concept and Xas eYtremelZ VsefVl in predicting the
proportional difference. We then took the mean sqVared error and receiWed a
WalVe of  0.01792.

Similar to oVr WisVali[ation in the single regression model, Xe plotted a scatter
plot for oVr neX model comparing the test WalVe Xith predicted WalVes. From
the graph beloX, Xe see that oVr WisVali[ation is representatiWe of  the score from
the model. Hence, from this graph, Xe can see that there oVr test WalVes are



more consistent Xith oVr predicted Z WalVes.

To Vnderstand hoX far off  each of  the test WalVes Xere from the predicted
WalVes in order to conteYtVali[e oVr mean sqVared error, Xe also created a
residVal plot of  oVr data, Xhich shoXed a large amoVnt of  scatter - indicating a
better relationship.  In this graph  beloX, Xe can see that the points are
eYtremelZ scattered and haWe no obWioVs pattern. The oWerplotting is dVe to the
fact, Xe are plotting oWer 400000 data points on the graph.



In addition, Xe Xanted to depict Xhat the distribVtion of  oVr predicted WalVes
Xas compared to the test WalVes. We graphed each of  the predicted and test
WalVe distribVtions and saX that there is a massiWe oWerlap betXeen the Test
ValVe and Predicted Y WalVe. This shoXs Vs that oVr model has a good



prediction accVracZ.

ImpSoWemenUT & AddiUional EYploSaUion

In oVr eYploration for a better model, Xe reali[ed that traffic on the Xeekend
WersVs the XeekdaZs has potential for differences. On top of  this thoVght Xe
Xanted to see Xhether this Xas trVe in the pre-coWid climate WersVs post-coWid
climate, since traffic dVlled after the lockdoXn measVres Xere annoVnced.
Therefore, coVld a model mVch more accVratelZ predict the Xeekend or
XeekdaZ in pre-coWid or post-coWid? OVr eYpectation and hZpothesis has
pointed toXards the pre-coWid, since there Xas probablZ a mVch more clearer
difference betXeen XeekdaZ and Xeekend traffic. In oVr post-coWid
enWironment, people Xere more likelZ to Xork from home and that probablZ
impacted XeekdaZ traffic times, making them closer to Xeekend traffic.



To begin oVr eYperiment, Xe XoVld do a temporal split of  oVr data into
pre-coWid and post-coWid, Xhich meant a split on the daZ 14. Therefore, Xe had
oVr pre-coWid dataset Xhich Xas 1-13 and oVr post-coWid dataset Xhich Xs from
14-31. We began first Xith oVr pre-coWid dataset to manipVlate hoX Xe Xill
present oVr Xeekend WersVs XeekdaZ data. Therefore, Xe decided to one-hot
encode oVr daZs. A 0 XoVld indicate a XeekdaZ Xhile a 1 XoVld indicate a
Xeekend. This XoVld effectiWelZ conWert oVr nVmbered daZs into the binarZ of
Xeekend and XeekdaZ.

To predict if  a certain daZ, based on itǠs mean time traWeled, XoVld be either a
Xeekend or XeekdaZ, Xe decided on Vtili[ing the Logistic Regression fVnction.
This fVnction XoVld help Vs learn Xhich of  the mean traWel times XoVld be a
XeekdaZ or Xeekend. We XoVld eYpect that oVr mean traWel time XoVld
generallZ be greater on a XeekdaZ than on a Xeekend, dVe to increase in traffic.
Therefore, Xe created a secondarZ hZpothesis: pre-coWid prediction score XoVld
be more accVrate than oVr post-coWid prediction score (the alternatiWe being that
it is the same accVracZ or loXer accVracZ). With the cVrrent dataset Xe haWe, Xe
can most definitelZ discoWer Xhether the pre-coWid prediction score is more
accVrate than oVr post-coW id prediction score.

We began bZ first importing LogisticRegression from sklearn. FVrthermore, Xe
split the dataset into training and test sets. The training sets Xere fitted and Xe
Xere able to score them on the test sets.

OVr score Xas 0.76722.

We continVed bZ creating a Logistic Regression model for post-coWid. When Xe
scored the model, Xe got 0.71147.

Therefore, this failed to reject oVr secondarZ hZpothesis, that pre-coWid
prediction score XoVld be more accVrate than oVr post-coWid prediction score
(the alternatiWe being that it is the same accVracZ or loXer accVracZ).



We fVrther Vsed a the Lasso regression model, Xhich takes into accoVnt anZ
oWerfitting Xhich occVrred. OVr Lasso regression model proWided Vs Xith an
R-sqVared of  0.45171.

FVUVSe WoSk

This project Xas WerZ eZe opening into the Xorld of  data science and machine
learning. SegVeing into the fVtVre, Xe XoVld like to fVrther eYplore oVr models
and identifZ better XaZs to make them more accVrate and redVce the mean
sqVared error. One important aspect is inclVding more featVres from additional
datasets. We haWe hZpothesi[ed that Vsing data sVch as demographic and racial
makeVp in different censVs tracts coVld potentiallZ be a stronger indicator of  a
traWel time or the proportion of  traWel time differences, as seen in repVtable
articles Xe haWe recentlZ read.

SecondlZ, Xe XoVld like to emploZ featVre engineering in more XaZs than one.
In oVr case, Xe XoVld like to Vnderstand lineari[ation more effectiWelZ, helping
smoothen oVt the cVrWes throVgh sqVares and logs in a feX of  oVr scatterplots.

LastlZ, Xe Xant to eYpand oVr modeling to other areas of  interest. These inclVde
areas sVch as San Mateo, Contra Costa CoVntZ, and Alameda CoVntZ.

We are eYcited to take oVr project to neX heights.






