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Overview

This paper is a process of exploratory data analysis with data clustering. | was given
primary research data from the United States Census Bureau. The foremost purpose for
collecting this data was to gather information concerning employment, but a secondary
purpose was to collect information on the demographics of the population (Census, 2020).

The universe, Q, from 2020, is a population of civilian noninstitutional Americans
living in housing units, as well as members of the military living externally from the base or
with their families on post. All data has at least one civilian adult per household. The
domain is nine noncash income sources: food stamps, school lunch programs, employer-
provided group health insurance, employer-provided pensions, personal health insurance,
Medicaid, Medicare, or military health care, and energy assistance. The data also contains
other characteristics including age, sex, and race (Census, 2020).

A probability sample was used to collect 54,000 households, which were
interviewed monthly for four consecutive months one year and then again for the same
duration one year later. They were scientifically selected on the basis of their area of
residence in order to be representative of the population (Census, 2020). This was verified

by Figure 1 below.

Exploratory Data Analysis
After loading the libraries and data that I thought I would need, I first verified the
government’s claim concerning the representativeness of the sample (Census, 2020).
Figure 1 shows that the sample is, in fact, representative of the population because of the

uniform frequency distribution by region of residence.



Figure 1

Frequency Distribution of Census Sample by Region

histogram_boxplot(dfz, "GEDIV")
#Recode - Census division of current residence

#Values: 1 = New England
#2 = Middle Atlantic

#3 = East North Central
#4 = West North Central
#5 = South Atlantic

#6 = East South Central
#7 = West South Central
#8 = Mountain

#9 = Pacific
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Figure 2

Frequency Distribution of Census Sample by Metropolitan Area Size

histogram_boxplot(dfz, "GTCBSASZ")
#Metropolitan area (CBSA) size

#Values:

#2 = 188,808 - 249,993

#3 = 258,808 - 499,993

#4 = 588,808 - 999,999

#5 = 1,000,808 - 2,499,899
#6 = 2,500,800 - 4,999,899
#7 = 5,008,000+
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The frequency distribution of Figure 2 shows that there is a skew toward larger
metropolitan cities. This is also expected and likely representative of the population, given
the definition of a larger metropolitan city.

The sample is 91,500 rows by 134 columns. 133 columns belong to probability
spacen =0, n € Z; (Q,H,Z) where Z is the set of integers and & is a sigma algebra. A
topological space (®, t) bisects universe ). Some 133 columns contain discrete data, and
the remaining column contains categorical data (Census, 2020).

After viewing the data dictionary provided by the Census Bureau (Census 2020), we
can see that the entirety of (Q, H,Z) € (&, 1). In order to do exploratory data analysis, we
must delete all data that is outside the universe. It turns out that approximately 65% of the
data included in the sample is either outside universe ( or it is a subset of Q & (®, ). The
entirety of this 65% of the data was deleted. The remaining subset ofn > 0, n €
Z; (QH,Z) € (P,7) is 91,500 rows by 53 columns. Figure A1 in the Appendix contains a
table of the mean, standard deviations, min, max, and interquartile range values for
(Q,H,Z) € (P, t) (Mukhiya and Ahmed, 2020).

We can see that, concerning the isolated the data (Q, H,Z) € (®, 1), there are no
subsets with nonzero numbers. All data is numerical and discrete. Outliers can be shown in
the boxplots provided in Figure 3. The majority of outliers are apparent in the subsets
called “Living Quarters (H_LVQRT) and the number of residents per household
(H_NUMPER). Remember, we already deleted over half of the data to isolate (Q,H,Z) €
(@, 1). Thus, to maintain the representativeness of the sample, we will leave the outliers

untreated.



Figure 3

Outlier Tests by Column for Sample (2,H,7Z) € (®,1)
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Additional abnormalities exist. One such abnormality is that the sample includes a
higher proportion of individuals who are very poor, making less than $2,500 per year, and
individuals who are relatively wealthy, making more than $100,000 per year, as shown by
points “0” and “41” in Figure 4. It can be assumed that a more uniform distribution could
potentially be shown if group 41 were broken into smaller groups. All other groups were
divided into increments of $2,500.

A heatmap was generated to locate potential correlations in the probability space
(Q,H,Z) in order to study predictability (Mukhiya and Ahmed, 2020). Due to the size of
(Q, H,Z), the heatmap is somewhat hard to read, but it is provided in the Appendix. I
created scatterplots to understand some of the correlations revealed in the heatmap

(Mukhiya and Ahmed, 2020).



Figure 4

Frequency Distribution of Sample (2,H,Z) € (®,1) by Income
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Figure 5

Correlation of Subsets HHSTATUS € (2,H,Z) and HRHTYPE € (Q,H,Z)

plt.figure(figsize-[2, &])}
sns.scatterplot(x=df2.HHSTATUS, y=0f8.HRHTYPE)
plt.show(}

#HHSTATUS = Household Status

#1 = Primary family

#2 = Nonfamily householder Living alone

#3 = Nonfamily householder living with nenrelatives

#HRHTYPE = Houschold Type
#981 = Morried couple primary fomily (neither spouse in Armed Forces)
#92 = Mgrried couple primary fomily (one spouse in Armed FOrces)

#83 = Ummarried civilian male primary family householder

#84 = Ummarried civilian female primary fomily householder

#85 = Primary fomily household - reference person in Armed Forces and unmarried
#086 = Civilian male nonfamily householder

#87 = Civilian femole nonfomily householder

#88 = Neonfomily householder household - reference person in Armed Forces
# 89 = Group quarters with octual fomilies (This is new in 1994)
#19 = Group quarters with secondary individuals only
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One such scatterplot, Figure 5, implies a positive correlation between primary
family households and other primary household classifiers in another column. This is a
good sign, as it implies that isolating the data (Q, H,Z) € (®, t) did not create
incompleteness to the point of destroying correlations and neighborhoods.

As stated before, our dataset is large and multidimensional. In order to attempt to
understand the variances of (Q, H,Z) € (®, 1), | ran Principal Component Analysis (PCA).
PCA is a dimensionality reduction tool that simplifies complex and redundant data so that it
can be analyzed. In other words, it finds projections of §,, € y,, € (O, H,Z) € (D, 1)

(Deisenroth et all, 2020). The covariance matrix “M” of our data is:

N
1 T
M = Nz YnYn
n=1

Where y[ is the transpose matrix of y,,.

The projection matrix of y,, can be defined as:
B:= [bll bM] € RDM

Where the columns of “B” are orthogonal such that bl-Tbj = O ifand onlyif i # j and
b!'b; = 1. We can then find the M-dimensional subspace U € R?,dim(U) = M < D, which

is the space onto which we will try to project the data, denoted as §,, € U (Deisenroth et all,

2020).



The scree plot in Figure 6 reveals that we can use PCA to group or cluster all of

(Q,H,Z) € (P, 1) such that it is projected onto a metric or normed space because reducing

the dimensionality by this method maintains 69 percent of the data. This is usually

acceptable for analysis; however, we have already deleted 65 percent of the data prior to

this 69 percent reduction (Deisenroth et all, 2020; Gut, 2013; Mukhiya and Ahmed, 2020).

As shown in Figure 6, the relationship between the data in PC1 and PC2 is not completely

linear. Thus, a nonlinear clustering algorithm must be used.

Figure 6

Principal Component Analysis of (2, H,Z) € (®,1)
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T-Distributed Stochastic Neighbor Embedding (TSNE) was used to generate a

nonlinear cluster group for (Q, H,Z) € (®, ). TSNE is a dimension reduction technique

that preserves local neighborhood structure and can help when PCA does not work or

when the triangle property is violated (VanderMaaten, 2008).




TSNE maintains nearest neighbors by constructing a lower dimensional map and
converting pair-wise Euclidean distances between points into a probability density

function IP(j|i) where “}” is a neighbor point of “i” and i,j € (Q, H,Z) (Deisenroth et all,

2020; VanderMaaten, 2008). In other words, TSNE maps P(i) to P(i) as shown below:

exp(—||x; _lelz

207 1+ |y —yl15)7~"
P(j|i) = ; S PGl = A+ [y =yl )2 _
Yk=1 exp(—|lx; — x| Y11+ [y — yill1%)
20}

The algorithm then uses Kullback-Leibler divergence loss function to find the
gradient descent and quantify the differences between the two probability distributions
P(j|i) and P(j|7) for each datum in order to cluster the data (Gut, 2013; VanderMaaten,

2008). The formula for Kullback-Leibler divergence is as follows:

Pij
tj

i j=1

Thus, high-dimensional similarities belong to IP(j|i) and lower-dimensional
similarities belong to P(j|i). Figure 7 shows that the data clusters nicely, as expected. The
“perplexity” value is the vector denoting how many neighbors should be considered in the
grouping. As expected, the higher perplexity values created data that clustered together.
The blue group and red group are P(j|i) and P(j|i) respectively, and the kernel is chosen

adaptively to achieve the desired perplexity (number of neighbors) (VanderMaaten, 2008).



Figure 7

T-Distributed Stochastic Neighbor Embedding of (2, H,Z) € (®,1) with Various Perplexity
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Findings

The combination of exploratory data analysis and dimension reduction led to some
inferences, some of which were unexpected. There is a strong positive correlation between
the status of the house (owned, rented, or no-cash rent) and whether or not the house is a
public housing project owned by a housing authority or public agency. Similarly, there is a
strong correlation between whether the house is owned or rented and the question
pertaining to rent assistance from the government. This is to be expected, as people who
live in public housing are not homeowners. Additionally, there is a strong negative
correlation between the presence of a home loan or mortgage and whether the house is
owned or rented. This indicates that the majority of the people surveyed either rent or they
live in a house that is paid off or not borrowed against.

Concerning unemployment itself, we can see from the data that 2.1 percent of the
sample indicated that they had a disability that prohibited them from working. These
individuals collecting disability income received a median amount of $9,000 per year or a
mode value of $14,400 per year. In addition, 2.5 percent of the sample indicated that they
were receiving unemployment insurance.

There is a significant overlap in subsets HHUNDER18 n H_.NUMPER € (Q, H,Z) and
HUNDER18¢ n H.NUMPER € (Q, H,Z) where HHUNDER18 is the number of households
that had a child age younger than 18 and HUNDER18¢ is the complement of households
that had a child under age 18 (so, households that did not have such a child.) As shown in
Figure 8, the subsets nearly overlap. This is unexpected and shows a potential underlying
pattern of familial structure in the United States where people tend to have the same

quantity of children at the same age that their parents did.
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Figure 8
A Comparison of HHUNDER18 N H_NUMPER € (2, H,Z) and HUNDER18¢ n
H_NUMPER € (2,H,Z): Top chart shows overlap in red. Both charts show only

HUNDER18¢ n H_.NUMPER € (2, H,7) in blue
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The majority of people in the sample lived alone. Similarly, the majority of people in
the sample live in a house, apartment or flat. Far fewer live in other residential situations:
hotels, mobile homes, or otherwise. Most people included in the sample make $150,000 or
more annually, a figure that could be used to define the “middle class.” There is a large
portion of people who do not make any income. The results of the residential situation data
subset implies that the majority of people who do not have an income are likely living with
another person who does have an income (for example, a spouse). Also applicable to the
data, most of the interviewees identified as married couples. This is contradictory to the

data subset for household size, which had a modality of one.

Subsequent Actions

Obviously, the situation in the United States has potentially become drastically
different than when this census was taken, given that immediately afterward the country
began mitigation programs for the Covid-19 pandemic. It could prove truly fascinating to
compare the results of the 2020 census with the next sample. In addition, it would be
interesting to compare this census sample with the previous one. Both activities could
show or predict some potential otherwise-unexpected trend changes in the population.

[ was able to obtain a TSNE cluster graph of the entire dataset that would show
groups that the heatmap did not find. Unfortunately, my computer does not have the 19 GB
of RAM necessary to add color to show the separate subsets in the data. (However, |
included a picture of the single-color graph in Figure 9). It would be nice to try this again in

the future or look for a shortcut that might not be so calculation-heavy for my computer.
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The clustering of the data would be useful for comparison with datasets from future and

past censuses, in order to search for trends.

Figure 9

TSNE Clustering of Entire Dataset
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Figure A1

Mean, Standard Deviation, Minimum Value, Maximum Value and Interquartile Range Values

for (0, H,Z) € (®,7)
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count mean
91500.0 5.382656
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Figure A2

Heatmap of (2,H,Z) € (®,1)
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