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Introduction
This paper uses exploratory data analysis to evaluate the measure of spread, given three
years of COVID-19 data from Connecticut Health and Human Services Department. As always,
| first imported some standard Python libraries I thought | might need, and the CSV file

containing my data (Mukhira & Ahmed, 2020).

Variables and Types

After viewing the data, | identified that | could compare “Town” and “Total Cases” as
well as “Total Cases” and “Total Deaths” and possibly “Town” and “Positive Tests” and other
combinations of the same variables in order to analyze this as a scientific study of viral spread.
Medical case studies analyzing spread also factor time as a variable into the analysis, so it could
also be useful for me to do likewise (CDC Museum COVID-19 Timeline).

Except for “town” which is categorical data, and “rate tested per 100k” which is a ratio,
all data in the set n > 0, n € Z is discrete (365 Careers, 2018; Gut, 2013). In short, any data that
is counted is discrete; data that is calculated is usually continuous. Our data contains integers
(there are no fractions of people, cases, deaths, or positive Covid tests), which means it is

counted and therefore discrete.

Data Shape
The dataset is 102,245 rows by 16 columns. Disease spread data is usually shown in
relation to time passing (CDC Museum COVID-19 Timeline). Therefore, | had to add another
column that could show the passage of time (Mukhira & Ahmed, 2020). With the provided dates,

I was able to add “days ago,” which means the frequency distribution graph below (Figure 1)



shows the total cases over time, with the most recent data first. In other words, Figure 1 is a

mirror image, with 2020 on the right:

Figure 1

In [15]: sns.displot(df['days_ago'], kde=True, height=5, aspect=2)
plt.title('Total Cases Over Time', size=16, )
plt.ylabel( total_cases');

Total Cases Over Time

3000 T

2500 = 1 W /

2000 ré 1 [ =Tl | =171 I | T | T 1

==
|
i

total_cases
=
7]
[=]
[ =]
—
I

1000

S00

200 400 B00 800
days_ago

Figure 1 is mostly uniform frequency distribution, but it does have a slight left skew. It
does not fit uniform or Poisson distribution, but it has aspects of both. Poisson distribution gives
the probability that a number of events will occur given a fixed amount of time, and uniform
implies that an event (Covid-19) is ongoing or endemic into the population (365 Careers, 2018;
Gut, 2013).

Recall that Poisson frequency distribution obeys some properties, of which the one of
most importance to this paper is that the number of trials “n” is indefinitely large. Yale
researchers funded by the National Science Foundation have declared that Covid-19 is not yet
endemic to the population (Croft, 2022; Locklear, 2022), but the frequency distribution of our

data might be implying that it is endemic. Uniform frequency distribution implies that an event is



equally likely to occur randomly, which would only be the case if Covid-19 were endemic.
Similarly, Poisson distribution shows that there is an infinitely large number of points in our

probability space (Q, £, P) (Gut, 2013).

withP =0

H is a sigma algebra

The large occurrence (x = 800) on Figure 1 is March, 2020 when the virus was at its peak
in Connecticut, and when the United States was locked down (CDC Museum COVID-19

Timeline). The below equation defines Poisson distribution (Gut, 2013):

A% -2
fx)=PX =x) = o ,x=0,1,2,...,and 1 >0

Where X = the number of cases
and A = the rate of cases in the long run.

Therefore, lim X ~Poisson(A)
n—-oo

We can see that this satisfies our stated set n > 0, n € Z with the subset showing

exponential growth represented by the section near (x = 800).

In order to more clearly understand the frequency distribution of the data in relation to
the cities of Connecticut, a strip plot was created to more closely examine the spread of the virus
in each city and spot potential outliers as they relate to the whole dataset (Mukhira & Ahmed,

2020). This strip plot is Figure 2, on the next page:
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Anomalous Data & Relationships

In Figure 2, the x-axis is the town name, and the y-axis is the total cases. As the data
shows, there are 9 cities that had the largest number of cases, and these cities will heavily
influence the mean (365 Careers, 2018; Gut, 2013). They are: Bridgeport, Hartford, Waterbury,
Meriden, Danbury, New Haven, Stamford, Norwalk, and New Britain. We will henceforth call
these “outbreak cities.” As is expected, the outbreak cities are those with higher populations.

It's important to analyze the relationship between cases and deaths from the virus. Since
Covid 19 did not kill every person whom it infected, any data including ours should reflect
deaths < cases. In fact, we can see from the mean that the variables satisfy the requisite

inequality.

Figure 3

In [43]: df.total cases.describe()

Out[43]: count 96753 . 000068

mean 2895 .,854356
std 4832.136179
min 8. BapaaE
25% 191. 66686
SE% 706 . bopaaE
75% 2111 . BBEEEE
M3 X 42752 . 662666

Mame: total cases, dtype: floates

In [44]: df.total_deaths.describe()

Out[44]: count 98753 . boanaa

mean 45, 237325
std 68.422667
min & .eaeaan
25% 3.8a8680
58% 17 . 6eaaa6
75% 56 . 800806
M3 x 583 . 080000

Name: total deaths, dtype: floated



Approximately 11% of the rows are missing data in one or more columns. Thankfully,
the majority of missing data are in the same rows, and not in columns that are used in this
analysis, so the missing data can either be kept (Mukhira & Ahmed, 2020).

To compute standard deviation and variance for discrete variables, we would use
summation notation instead of a Reimann integral (Gut, 2013). The code is shown in Figure 3 on
the previous page (Mukhira & Ahmed, 2020). We can use the mean and standard deviation for
analysis. Since the frequency distribution of our data is skewed, the mean will also have a skew

(365 Careers, 2018; Gut, 2013).

Findings & Insights

Over the timespan of the collected data sample, we can calculate a ratio of deaths per
cases, given the mean of each variable. That ratio is 2.15%. This is surprising because it is close
to the televised ratio given the original Covid-19 variant in 2020 (CDC Museum COVID-19
Timeline), and approximately 81% of Connecticut residents have gotten one of the available
vaccine options, according to (Mayo Clinic, 2022).

Further analysis would be needed to definitively say whether or not the vaccine was
successful, and that is beyond the scope of this paper. However, we can in Figure 4 that deaths
grew linearly while cases grew nonlinearly. In other words, the two functions have different
gradients and limits. This is what would be expected if the virus became less deadly as time
passed or the population gained immunity to said virus as time passed, or both. It also implies
that, since deaths are remaining low, it might not matter whether Covid-19 is endemic or not

(Mayo Clinic, 2022).



Figure 4

In [62]: # create data
x=df.last_update_date
y=df.count
df2 = df.total_cases
df3 = df.total_deaths

# plot lines

plt.figure(figsize=(36,15))
plt.title('Deaths Per Case Count', size=26)
plt.plot(df2, label="Total Cases")
plt.plot(df3, label="Total Deaths")
plt.legend()

plt. show()
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Subsequent Actions
Given the implications of this data, it might be useful to recall the medical test paradox,
also known as Bayes’ Theorem (Gut, 2013) to make some further inferences. In short, Bayes’
Theorem shows that because of probability, an accurate Covid-19 test is not necessarily a
predictive test. This could be useful if one wants to attempt to use Covid-19 data to create a
machine learning algorithm to predict the spread of subsequent pandemics or if this data were to

be used for judging the effectiveness of the vaccine effort.

If (Q,H,P) is a probability space



Subsets A,B € Q,with P(A) # 0 and P(B) # 0
H is a sigma algebra

Let P(A) = Had Covid

Let IP(B) = Positive Test

Thus,P(A|B) defines the probability that someone who got a positive result from the

Covid-19 test actually has the disease.

Our sample contains 172,716,911 Covid-19 cases in Connecticut, 232,289,264 positive
tests, and 4,265,321,308 negative tests. (Notice that negative tests > positive tests >
total cases, as expected.) One might point out that we are missing the subset of people who had
Covid and did not take a test. For now, we will omit the people who didn’t take a Covid test
because they are members of a subset of Q but not P(- |B): H — [0,1], a conditional probability
measure given B, where " - " is a placeholder. In other words, we are excluding the people who
did not take a Covid test because the test has only two results, either positive or negative; the
people who didn’t take the test are irrelevant to this measure space (Gut, 2013).

To analyze test accuracy, one must know the false negative rate P(A4|B), as well as the
false positive rate or P(B|A¢) where BC is the complement of B and AC is the complement of A.
According the University of Massachusetts Medical School, the sensitivity (false negative rate)
and specificity (false positive rate) of the Roche Covid-19 Antibody Test were 65.3%, and
99.8% respectively for both the delta and omicron variants (Hafer, N. & Soni, A, 2021). In other
words, P(4|B) = 0.653 and P(B|A) = 0.998.

Therefore, we know that P(A|B¢) = 34.7%, or more than 80 million tests of 232 million

returned a false positive result. P(B|A¢) = 0.2%, so, 8.5 million tests out of 4.3 billion returned



a false negative. This means that Connecticut had more people quarantining than were sick.
While this seems like the preference over the alternative, it could have cost the state funding for
unemployment and other spending initiatives that it otherwise wouldn’t have had to spend.
Though it is outside the scope of this paper, it would be interesting to experiment with
building an algorithm to track the virus and compare its results with that of the medical test to
see if the algorithm can be more predictive of spread and therefore potentially helpful in future

pandemic situations.
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