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InUrodVcUion
We worked with UberǠs Traffic Dataset for the DATA 100 Final
Project. This data includes speed data for Uber rides during the month
of  when California-wide COVID lockdown measures began, which
was in March 2020. Through this design document, we first reflect on
our insights from Guided Data Cleaning and EDA given bZ the course
staff. Then, we provide an insight into our Open EDA which we used
to construct our hZpothesis test. We conclude our design document bZ
giving a jest on our modeling idea for Final Project Part 2.

GVided DaUa Cleaning & EDA
Following the instruction in the Traffic JupZter Notebook, we first loaded the
speeds_to_node dataset (UberǠs traffic speeds dataset)

The data frame consists of  columns in an OpenStreetMap (OSM) node format
and we used RegeY to eYtract the latitude, longitude, and node id and build a
new dataframe node_to_gps. NeYt, we mapped traffic speeds to GPS
coordinates to segment traffic speeds spatiallZ. We were tasked to build  Google
Plus Codes for speeds_to_gps, bZ dividing the whole world into uniformlZ-si[ed
squares, which are 0.012 degrees latitudinallZ and longitudinallZ. Figure 1 shows
speeds_to_gps with additional column plus_code representing our calculated
ǟGoogle Plus Code.Ǡ



In the neYt steps, we perform a similar analZsis of  traffic speed bZ dividing our
data into census tracts using speeds_to_tract dataframe.

In order to further understand the impact of  lockdown on traffic speed, we
sorted our census tract dataframe speeds_to_tract according to pre and
post-lockdown period and computed the average speed per census tract. Both
histograms indicated a heavZ rightward skew, but the right histogram has a large
portion of  data points under 20 mph (second highest bar), and maYima at
around 60 mph while the left histogram has the second-highest bar around 25
mph, and the maYima increased to around 70 mph.



Due to this rightward shift from pre-covid to post-covid and supposed increase
in speeds, we further created a line graph to visuali[e the average speed from
before covid to after covid.

The graph above shows the immediate effect of  a massive increase from the
daZs preceding lockdown to the daZs immediatelZ after. The average speed
across the entire data spiked almost 5 mph over the course of  2 daZs. In the
conteYt of  the dataset which has hundreds of  thousands of  data points, this is a
massive step up in speed.

Open EDA

Since our increase in speed was dramatic, we wanted to eYplore whether a
similar effect occurred with times traveled in the SF BaZ Area. Using
times_to_tract dataframe that contains the travel time from HaZes ValleZ in
central San Francisco to everZ other census tract in the SF BaZ Area, we used
columns:

1. Destination Movement ID
2. Destination DisplaZ Name
3. Mean Travel Time (Seconds)
4. daZ



We converted the Pandas DataFrame into GeoPandas DataFrame to include
geometric points and merged it with our previous tract_to_gps. Now, since we
could map travel times visuallZ our eYploratorZ analZsis could reach new levels
of  inference and intuitive conclusions.

Heatmap of  dailZ travel times from HaZes ValleZ to other census tracts
Pre-COVID lockdown



Heatmap of  the dailZ travel times from HaZes ValleZ to other census tracts
Post-COVID lockdown

Splitting the data into pre-covid and post-covid, we produced choropleth maps.
On the map, we noticed a dramatic effect on the travel times, most noticeablZ
on the places farther awaZ from HaZes ValleZ. Since the speeds increased as seen
in the line graph, and since the travel times decreased, it is plausible to infer that
the overall traffic in the San Francisco BaZ Area reduced from pre-covid to
post-covid.



However, we also wanted to see how much theZ decreased when compared to
the average difference (pre and post-covid) overall. Therefore, we standardi[ed
the differences between pre and post-covid and plotted each average standard
deviation onto a choropleth map. To our surprise, there was a unique pattern we
witnessed that led to the formulation of  our hZpothesis.

Heatmap of  the standardi[ed difference in dailZ travel times from HaZes ValleZ to other
census tracts Post-COVID lockdown



In our standardi[ed differences choropleth graph, we noticed higher standard
deviations (indicating a greater decrease in times traveled) with areas that were
considered suburban or traditionallZ higher affluence in the SF BaZ Area. Areas
in South BaZ (an affluent area of  the BaZ Area) had standard deviations much
higher than the areas that were considered less affluent near San Francisco. In
addition, areas near San Francisco in suburbs had higher standard deviations
than those considered in the inner citZ of  San Francisco.

This was eZe opening information and we were quite intrigued in understanding
whether trips to higher-income locations or lower-income locations have
considerablZ different travel times. We would eYpect that travel time would
generallZ be correlated with variables such as distance. However, we were now
interested in discovering whether the location destination, whether lower or
higher income could be relativelZ correlated with the travel time. In order to
compute this over the time period of  Covid, we would first find the rate of
change in travel times for each location from pre-covid to post-covid. Since we
witnessed lower income neighborhoods having lower standard deviations than
higher income neighborhoods, we would eYpect that the lower income
neighborhood destinations would have a lower rate of  change in travel times
than those in the higher income neighborhoods.

Rate of  Change of  the Differences:
(Post-Covid Travel Time Ǜ Pre-Covid Travel Time) / Pre-Covid Travel Time

HZpoUheTiT, TeTUing & Modeling

HZpothesis (Ha): From pre-covid to post-covid, the rate of  change in time
traveled on average to reach a lower-income area should be more than the rate

of  change in time traveled on average to reach a higher-income area.



Alternative HZpothesis (Ho): From pre-covid to post-covid, the rate of  change
in time traveled on average to reach a lower-income area should NOT be more

than the rate of  change in time traveled on average to reach a higher-income
area.

To bring income data into our studZ, we researched the US Census Tract bZ
median income. WeǠll be able to relate this dataset to the current travel time
dataset which is alreadZ combined geometricallZ with tract_to_gps. BZ using this
data, we will have to partition the census tracts into higher and lower-income
groups which will be separated bZ conteYt.

Once we retain these groups, the dataset will be readZ for more data
manipulation. We will have to create a new column that will find the rate of
change between pre-covid and post-covid per data point for each higher-income
or lower-income census tract. After determining the rate of  change, we will
create a new column in our dataset and input our rate of  changes per data point.

To begin the testing process we will first trZ to visuallZ analZ[e and compute the
distribution of  our low-income rate of  change in differences. To compare we
will, in tandem, compute the distribution of  our high-income rate of  change in
differences. Then, we will superimpose these distribution histograms to find the
visual difference between each of  the locations.

To understand the statistical significance between the high-income or
low-income destinations, we will take the mean of  the low-income rate of
change in differences and standardi[e it to the distribution of  the high-income
rate of  change in differences. If  the t-statistic computed through this calculation
is lower than the 2.5% level of  significance one-sided (above +1.95 standard
deviations from mean), then we will reject the null hZpothesis. If  the t-statistic
computed through this calculation is greater than the 2.5% level of  significance
one-sided (below +1.95 standard deviations from mean), then we will fail to
reject the null hZpothesis in favor of  the alternative hZpothesis.



For our modeling portion, we will use the Multiple Linear Regression model (an
eYtension of  the OLS linear regression). The model will be used to regress travel
time on the rate of  change in differences from pre-covid/post-covid and
whether the destination is higher income or lower income.

From our model, we can use the rate of  change in differences from pre-covid to
post-covid and the higher or lower-income area to predict a newer and more
accurate travel time to the destination at hand currentlZ.

We can further look into future questions such as the demographics of  the
region (race, gender, age), how impacted a certain communitZ was from the
lockdown, what the main occupation of  individuals in a region was. These can
all be used to understand travel times due to accessibilitZ and traffic.


