2021 IEEE 11th Annual Computing and Communication Workshop and Conference (CCWC) | 978-1-6654-1490-6/21/$31.00 ©2021 IEEE | DOI: 10.1109/CCW(C51732.2021.9375966

COVID-19 Case Number Prediction Utilizing
Dynamic Clustering With Polynomial Regression

Felix Zhan
USAOT
Arkansas, USA
felixzhan2010@gmail.com

Abstract—The novel coronavirus disease 2019 (COVID-19) has
spread rapidly throughout the world since its first reported case
in 2019. As of December 2020, over 70 million cases and 1.5
million deaths have been reported [3]. As a result, the pandemic
has sparked a new, widespread need for knowledge discovery
and prediction using the available data. In this project, I applied
Dynamic Clustering with Polynomial Regression (DyCPR) to a
dataset of daily increases in Coronavirus cases. The results show
that for some US states, DyCPR performs better than Moving
Average in predicting the number of new COVID-19 cases on
the day following a limited subsequence of the time-series data.

Index Terms—DyCPR, evolving clustering algorithm, poly-
nomial regression, chaotic time-series data, coronavirus, data
mining, knowledge discovery

I. INTRODUCTION

The goal of this project was to implement a model for
predicting future values in time-series data on COVID-19.
I chose to implement a clustering algorithm because of
its far-reaching applications in the real world [5][6][7][8].
The chosen datasets describe daily increases in COVID-19
cases for US states, and DyCPR was used to predict the
increase in cases for a particular state on day ¢ 4+ 1 given the
data up to day ¢. DyCPR, originally introduced by Widiputra,
et al., has been shown to predict future time-series values with
higher accuracy than other methods such as Moving Average,
and it is particularly effective on chaotic data, such as daily
stock price changes [4]. Some US states, such as New York,
have exhibited fairly stable growth in daily increases in cases
(Fig. 1). Other states, such as Texas, display chaotic changes
over small and large periods of time (Fig. 2). Because of
the chaotic nature of these data, DyCPR seemed to be an
appropriate model for prediction.

II. DATA PREPROCESSING
Two datasets were used in this project:

o The primary dataset, obtained from The COVID Tracking
Project, tracks daily COVID-19 statistics for 50 US states
(and Washington D.C.) in 2020 [2]. Over 40 attributes
are present in the dataset, but the only relevant attributes
are date, state, and positivelncrease (number of new
positive COVID-19 tests recorded on date in state).
The available data span from January 22 to December
11, but only dates from July Ol onward were used in

© IEEE 2021. This article is free to access and download, along with rights for full text and data

mining, re-use and analysis.
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Fig. 1. New York data exhibits relatively stable growth in the daily increase
in COVID-19 cases.
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Fig. 2. Texas data exhibits relatively chaotic changes in the daily increase in
COVID-19 cases.
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this study due to inconsistencies in reporting and limited
amounts of patient test kits in the early stages of the
pandemic.

Another dataset, obtained from the United States Census
Bureau, was used to transform the former data in terms
of state population [1]. The positivelncrease attribute
was transformed to reflect the number of new cases
recorded per 100,000 of state population over 18 years
old!. This transformation establishes a benchmark for
comparing results of DyCPR on COVID-19 data from
different US states.

The datasets were inserted as tables into an SQL database,
and a script was used to perform the transformation men-
tioned above, producing a dataset with attributes date, state,
state_id, positive_increase_per_100k.

Even when considering only the data recorded after
July 01, a small fraction of rows from the COVID-
19 dataset were missing positivelncrease. In the
positive_increase_per_100k attribute of the final dataset,
these NULL values were populated with the value from
previous date for that state.

III. MODEL IMPLEMENTATION

A brief description of DyCPR is given below (adapted
from the original paper proposing the algorithm) [4]. Python
was used to implement DyCPR in this study:

o Step 1: Initialize the samples:
The input data {z1,...,xnx} € X are presented as a
stream of continuous values.

— Choose n << N. n will be the length of
subsequences (henceforth referred to as “slices”) of
the time-series data.

— Produce N — n slices X;. For example:
X1 = {xl, ...7xn},X2 = {,’L‘Q, ...,St':n+1}, .

Likewise, produce corresponding slices Y; of size
n+ 1.

Produce sets PF, PFM wusing polynomial
regression on the X,, Y;, respectively. For each
slice, determine best polynomial fit up to a chosen
degree k using minBIC) (minimum Bayesian
Inference Criterion)?.

o Step 2: Repeat until all PF; have been processed:

'As of December 2020, the most recent population estimates available
from the US Census Bureau were published in July 2019.

>The original method uses minimum mean standard error to determine
best fit, but the algorithm produced more accurate predictions with min BIC),
in this study

New cases per 100k of state population

— If no clusters exist in C, set C'c; = PF; (centroid of
Cj), PFM; = PFM; (“best-fit regression function
for next movement” of C;). PFM; will evolve as
a superposition of similar PF' M.

Find Cc; with the minimum cosine distance to
PF;. If this distance is greater than 2 times a
predetermined threshold Dthr, create a new cluster
with centroid PF; and best-fit regression function
for next movement PF'M;, and will be used in the
predictive step.

For each cluster C;, set PFM,; equal to a
superposition of PF; belonging to the cluster.

e Step 3: To predict value x;y; from a test sample
Xt = {xt,2e-1,%2,...,%_(n—1)} of size n, find
the best-fit polynomial regression function PF; from
X;. Find the most similar cluster C; using cosine
distance between C'c; and PF;. Then, replace the first
coefficient (y-intercept) of PF'M; with 0, and evaluate
pyt+1 = PFM;(n + 1). Then the predicted value is

Ti+1 = Tt + PYi+1-

IV. EXPERIMENTATION

The data from each US state were used to train and test
10 instances of the model, independent from other states. The
attributes positive_increase_per_100k were used for the data
stream, and for each instance of the model, N = 163 n = 10,
Dthr = 0.05, and the maximum polynomial regression degree
k = 6. Also in each instance, 80% of the data stream slices
were randomly selected for training, and the remaining 20%
were used for testing.
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Fig. 3. Time-series data for daily increase in COVID-19 the cases in Arkansas.
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Fig. 4. Clusters produced by polynomial regression in one training instance, using COVID-19 time-series data from the state of Arkansas. The green curves
are the centroids C'cj, and the red curves are the best-fit regression functions PF M. ; for each cluster Cj

For the given conditions, the polynomial regression clus-
tering method tends to produce 5-9 clusters on each instance
of the training data. An example of polynomial clustering
produced from the Arkansas data is shown in Fig. 4, and Fig. 3
displays entire time-series. The green curves plot the centroid
functions C'cj, and the red curves plot the best-fit regression
functions P F M for each cluster C';. Upon visual inspection,
the centroids gives a general idea of the different kinds of
features exhibited by small slices in the time-series data used
in this study.

Though samples in some clusters appear extremely similar

to each other (row 3, column 1), other clusters, such as the
one depicted in row 1, column 2, display concerning behavior.
While this cluster’s centroid is decreasing, many of its samples
are increasing with time. This is due to a limitation of the
distance function used to cluster these data. The DyCPR
algorithm operates by minimizing the cosine distance between
centroids and samples, but it does not take into account the
behavior of polynomials as time increases without bound. It is
possible that this behavior decreases prediction accuracy with
this model.

One modification that could improve the quality of
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clusters would involve evaluating derivatives of samples
and clusters. Before sample PF; is grouped with its most
similar cluster C;, evaluate the derivatives of sample PF;
and centroid Cc; at time n. If PF/(n) x Cci(n) < 0,
then the sample and centroid have differing limits as time
increases without bound, so I create a new cluster from P
F;. This small modification to DyCPR would take into
account a polynomial curve feature that is easily identified
on visual inspection, but impossible to evaluate using only
the cosine distance function. The resulting clusters would
then have greater similarity among their samples, and this in
turn could increase the accuracy of prediction with this model.

V. RESULTS

After training, the model is tested using the test set of time-
series slices of length n+ 1. Given the first n data points from
a slice spanning time 1 to n 4+ 1, the model uses polynomial
regression to find the most similar cluster C;, then uses PFM;
corrected with y,, to predict the value y,,4+; (Fig. 5) (see Step
3 in Section III for detailed description).
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Fig. 5. Two predictions made by DyCPR on the test data compared to moving
average, for the Arkansas daily COVID-19 cases time-series data.

In addition to the DyCPR predictions, an n-day moving
average algorithm was used to predict values on the same test
samples. The root mean squared error (RMSE) was used to
evaluate the accuracy of both the DyCPR and moving average
predictions, and the average RMSE over 10 trials for each
state’s data were tabulated (Fig. 6). The results of the study

show that for 18 US states, DyCPR was more accurate than
moving average over 10 trials in predicting the number of new
COVID-19 cases on day 11, given the counts for the previous
10 days.

VI. CONCLUSION

In this study, DyPCR made more accurate predictions than
moving average on COVID-19 time-series data for 18 out of 51
states. I expected DyCPR to out-perform moving average on
prediction for states with more chaotic data, however, it seems
that DyCPR was actually more accurate for making predictions
on stabler time-series data. For example, DyCPR was more
accurate in predicting values for New York and California,
states which have exhibited relatively stable growth in daily
increases of reported COVID-19 cases. I did not explore how
the amount of chaos in the data affects prediction accuracy,
but future works could expand upon this. Using Lyapunov
exponents could give a measure of chaos to a given set of
time-series data. Then, different prediction models could be
assessed to determine a measurable rule for choosing the right
model based on the amount of chaos in the data.

As the COVID-19 pandemic continues to claim more
lives every day, government officials and healthcare providers
could use prediction models like DyCPR for decision-making.
For example, future studies could be performed on a much
smaller scale—on the city or county level-to determine the staff
schedule or medical supplies needed in a hospital on a given
day.
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State Data Range DyCPR RMSE (10 trial avg) Moving Avg RMSE (10 trial avg) Higher Accuracy
Alaska 3-168 10.72 12.49 | DyCPR
Alabama 2-125 18.86 15.43 | Moving Average
Arkansas 11-122 16.6 16.23 | Moving Average
Arizona 1-219 25.43 18.45 | Moving Average
California 5-116 6.76 8.78 | DyCPR
Colorado 4-144 10.3 11.96 | DyCPR
Connecticut 0-287 33.83 23.23 | Moving Average
Delaware 1-51 53 5.01 | Moving Average
District of Columbia | 2-164 16.71 17.0 . DyCPR

Florida 4-98 11.27 9.32 | Moving Average
Georgia 7-75 8.85 8.96  DyCPR

Hawaii 0-36 4.59 4.58 | Moving Average
lowa 7-181 20.32 21.33  DyCPR

Idaho 5-172 18.23 17.23 | Moving Average
Illinois 5-157 13.58 13.19 | Moving Average
Indiana 5-164 10.68 13.04  DyCPR
Kansas 22-341 21.02 28.04 DyCPR
Kentucky 6-163 17.0 14.22 | Moving Average
Louisiana 1-150 30.26 23.16 | Moving Average
Massachusetis 2-121 9.02 9.43 | DyCPR
Maryland 5-81 5.95 6.25 | DyCPR

Maine 0-39 3.73 3.54 | Moving Average
Michigan 4-222 21.45 17.84 | Moving Average
Minnesota 5-209 18.07 17.92 | Moving Average
Missouri 1-134 15.18 18.08  DyCPR
Mississippi 6-121 17.59 16.75 | Moving Average
Montana 4-196 25.14 22.77 | Moving Average
North Carolina 6-98 11.83 10.35 | Moving Average
North Dakota 5-401 32.55 33.53  DyCPR
Nebraska 5-236 22.35 21.99 | Moving Average
New Hampshire 0-108 8.6 8.37 | Moving Average
New Jersey 0-87 7.16 6.83 | Moving Average
New Mexico 2-227 13.37 18.27 | DyCPR

Nevada 5-134 14.31 13.23 | Moving Average
New York 2-74 3.36 4.57 | DyCPR

Ohio 6-283 18.74 18.96  DyCPR
Oklahoma 5-209 25.76 19.62 | Moving Average
Oregon 3-65 4.99 4.87 | Moving Average
Pennsylvania 0-127 757 9.93 | DyCPR

Rhode Island 2-212 22.97 20.48 | Moving Average
South Carolina 7-88 11.63 9.56 | Moving Average
South Dakota 3-321 37.47 34.34 | Moving Average
Tennessee 12-155 28.26 20.37 | Moving Average
Texas 6-83 11.64 12.62 | DyCPR

Utah 10-271 30.55 21.44 | Moving Average
Virginia 5-66 6.05 6.15 | DyCPR
Vermont 0-44 4.1 3.34 | Moving Average
Washington 0-117 16.43 13.15 | Moving Average
Wisconsin 5-187 20.96 20.33 | Moving Average
West Virginia 0-100 9.46 8.17 | Moving Average
Wyoming 2-284 53.64 32.92 | Moving Average

Fig. 6. Results from DyCPR and moving average predictions, over 10 trials for each US state. For 18 states, DyCPR was more accurate than moving average
in predicting the value on day 11, given the previous 10 days.
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