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ABSTRACT

Media regarding COVID-19 fatality counts is crucial, affecting policy and health measures nation-
wide. However, misinformation regarding other causes of death has led to dubious claims about
the seriousness of the coronavirus. This research aims to identify the changes in a dozen causes of
death during the pandemic using CDC data from 1999 to 2020. Using the Exponential Triple
Smoothing (ETS) algorithm, this project estimated the mortality of eleven causes of death for 2020
under the assumption of no COVID-19 pandemic. Using Power Bl and Tableau, this data was
visualized together with 2020 actual death counts to determine which causes of death were
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significantly impacted by the coronavirus. The dashboard revealed an increase in several causes
of death including Alzheimer’s Disease and Diabetes, a decrease in Chronic Lower Respiratory
Disease deaths, and a slight increase in Influenza deaths. These findings, while at odds with much
of the media surrounding COVID-19 mortality, are corroborated by adjacent scientific research.

Introduction

COVID-19 has disrupted lives around the world, making
changes everywhere from public health to politics. In the
United States, the fatality count for COVID-19 is essential
in policy discussions, influencing state-wide responses
to shelter in place orders and vaccine distribution. From
Congress to the public eye, mortality rates due to
COVID-19 have been closely scrutinized in their highs
and lows, though most of the attention has been
focused on patients who died with a confirmed COVID-
19 infection. However, it is suspected that the true
impact of COVID-19 on mortality goes far beyond the
virus itself. The pandemic may have impacts on mortality
across various causes. In spite of the vast media cover-
age of the pandemic, there is little direct reporting on
the extent of such impacts. Using CDC data from 1999 to
2020, this paper models and analyzes the excess deaths
under various causes during the COVID-19 pandemic.

The problem - misinformation

There has been a large variety of misinformation sur-
rounding COVID-19 shared online through the pan-
demic - from its origins to its danger (Schaeffer 2020).
Such misinformation amplifies fears of preventative
measures, technology and data (Enders et al. 2020).
A particular target of misinformation is the accuracy

and interpretation of death counts released by the
CDC, with many people believing that the numbers
have been vastly overestimated by the CDC (Brown
2020). This controversy stemmed from CDC's data
revealing that only 6% of all ‘COVID-19" categorized
deaths listed the virus as the sole cause of death on
the victim’'s death certificate. This led to accusations
that health authorities were classifying those that ‘test
positive’ for the virus ‘but die of another pathology’ as
COVID-19 deaths (Susman 2020).

The 6% datapoint meant that 94% of COVID-19 death
patients had died because different conditions had com-
pounded with COVID-19 to become fatal. This is quite
normal, as over two-thirds of all deaths had multiple
causes of death in 2015 (Koch 2015). The 6% of COVID-
19 deaths with only one cause of death listed (COVID-19)
may have been a result of a rare occurrence, or even an
improper death certificate. A study conducted looking
into accuracy of death certificates found that 48% had
one of five errors in the ‘cause of death’ section — unac-
ceptable cause errors, non-specific errors, incorrectly
completed errors, irrelevant information errors, and
incorrect order errors (Cambridge and Cina, 2010). The
other cause for this may be rare occurrences where very
young individuals with no pre-existing conditions die
from COVID-19. Misleading information and disinforma-
tion over the determination of both excess and direct
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COVID-19 deaths have resulted in a public misunder-
standing over both the nature and meaning of publicly
reported numbers.

Current literature on the overestimation of COVID-
19 deaths is limited to discussion surrounding poten-
tial estimation biases. Previous research identified
sampling biases that led to lawmakers from the
Congressional House Oversight and Reform commit-
tees being incorrectly informed that COVID-19 had 10
times higher mortality than seasonal influenza in
a March 11 Congressional hearing (Brown 2020). The
researchers found that confusions between infection
fatality rates and case fatality rates led to the mis-
calculation of predicted COVID-19 mortality. The con-
fusion had stemmed from a New England Journal of
Medicine editorial that miscited the infection fatality
rate of seasonal influenza, as 0.1%, which was then
compared to an adjusted COVID-19 mortality rate of
1% (Fauci, Lane, and Redfield 2020). Brown hypothe-
sized that the mentioned sampling bias likely resulted
in harsher mitigation tactics to combat the spread of
the virus, which in turn created further psychological
harm and economic disruption to the population.
Similarly, researchers at Harvard University explored
the prevalence of COVID-19 misinformation on over-
estimated mortality rates, finding that nearly 30% of
Americans support the theory that coronavirus-
related deaths have been exaggerated (Enders et al.
2020).

There is a glaring lack of literature aimed at identi-
fying and disproving the many myths, conspiracy the-
ories and general disinformation shared and
distributed digitally. The influence of online misinfor-
mation on the beliefs of the general public is pro-
found. According to a survey from the Pew Research
Centre, 48% of Americans said they have viewed at
least one article of completely false news. Of that
news, respondents identified roughly 41% of the stor-
ies as regarding the magnitude of risks in the pan-
demic, with 22% of the stories claiming that the risk
was high and 15% claiming that the risk was low. In
line with these results, a whopping 62% of respon-
dents believed that the risk of COVID-19 as portrayed
in the media was exaggerated (Pew Research Center,
2020). One of the most prominent ways this misinfor-
mation spreads is through social media. A study con-
ducted to measure the rate of misinformation on
Twitter found that approximately 3 million people
spread false news, and that misinformation spreads
six times faster than truth (Vosoughi, Roy, and Aral
2018). This illustrates the alarming rate at which
myths, conspiracy theories and falsehoods spread on
social media.

Another example of misinformation comes from
a now-retracted John Hopkins student-written article
similarly describing ‘the number of deaths by COVID-
19" as ‘not alarming,’ with ‘relatively little effect’ of
COVID-19 on other causes of death. The article, posted
on November 22nd, 2020, quickly spread on social
media through COVID-19 sceptics and was later taken
down by the newsletter on November 26th, 2020. The
article was based on Genevieve Briand’s (Assistant
Director for Johns Hopkins University’s Applied
Economics Master's Degree Programme) presentation,
titled ‘COVID-19 Deaths: A Look at U.S. Data. Briand
was quoted saying ‘All of this points to no evidence
that COVID-19 created any excess deaths. Total death
numbers are not above normal death numbers'. She also
claimed that deaths from other causes have been mis-
categorized as COVID-19 deaths. These accusations were
quickly shut down, but their impact had propagated
through the society (Oransky 2020).

Research objective

Through data exploration, analysis and visualization,
this study aims to provide a better understanding of
the excess deaths during the COVID-19 pandemic-
pledged year of 2020. Excess deaths are defined as
the difference between expected deaths if there were
no COVID-19 pandemic and observed deaths. Previous
studies of excess deaths found that publicly reported
COVID-19 deaths may be an underestimate - failing to
account for non-COVID-19 deaths caused by the con-
sequences of the pandemic but not directly by the virus
infection. These deaths were classified by the biological
marker/root cause that led to the death (i.e.
Alzheimer’s, Cancer, Heart Disease) but lacks the cir-
cumstance that led to their death (Centers for Disease
Control and Prevention 2021). Thus, this research deter-
mines the relevance of such deaths to the pandemic
using space-time co-occurrence with COVID-19 death
counts. This study analyzes 2020 mortality data (all
causes of death including COVID-19) in correlation
with mortality data from 1999 to 2019 to come to its
conclusions. Using data visualization software, a series
of spatiotemporal dashboards were made, providing
mortality trends for each of the 50 states, on a month-
to-month basis for the years from 1999 to 2020, to
debunk misinformation.

This study is set off to explore if COVID-19 related
deaths are drastically underestimated by the public,
guided through myths, propaganda, and inaccurate
information. Furthermore, this research will identify
which specific causes of death have exceeded the
expected numbers, which have fallen short of the



expected numbers, and which seem unaffected by
COVID-19. By examining such second-order impacts
and their constituting deaths, this research may help
the public become more aware of the true impacts of
the COVID-19 virus.

Hypotheses

Our first hypothesis is that COVID-19 death counts
have not been overestimated, despite public senti-
ments to the contrary, and that the pandemic has
led to more deaths among other pathologies too.
Throughout the pandemic, the circulation of online
misinformation has led many to believe in a vast over-
estimation of COVID-19 deaths in CDC death counts.
This scepticism primarily stems from the alleged mis-
classification of COVID-19 deaths, of which a large
amount is claimed to be from other pathologies. As
such, many use these claims to discredit the overall
risk of the disease and its effect on excess mortality.
Researchers have found that the spread of these
beliefs lead to lessened compliance with lockdowns
and other preventative measures, further increasing
the risk of transmission and hospitalization (Tasnim
et al. 2020).

The second hypothesis is that in the earlier months of
the pandemic when COVID-19 testing was not widely
available, excess deaths categorized under other causes
would spike because of misclassification. Such spikes
would level off after COVID-19 testing became available.
Coronavirus testing facilities were overwhelmed during
February, March and April 2020, creating shortages in
Los Angeles (Baumgaertner & Karlamangla, 2020), San
Francisco (Vaziri 2020), Dallas (Root 2020), Chicago
(Lourgos and Heinzmann 2020), and dozens of other
major cities. Rural areas had little to no testing whatso-
ever (Lovett and Frosch, 2020). This limited testing may
have resulted in deaths being classified incorrectly as, for
example, Alzheimer's Disease instead of COVID-19.
A study by Yale University found that many excess
death spikes occurred weeks before testing was widely
available (Weinberger et al. 2020).

The third hypothesis is that the pandemic caused
non-COVID-19 deaths that could have otherwise been
avoidable. The pressure around healthcare systems
accompanied by patients’ fear of the virus may have
led those who need medical care (for non-COVID-19
related conditions) to not be able to access it, or not
receive adequate care needed. This was especially pre-
valent when and where COVID-19 death spikes, such as
during the beginning of the pandemic in coastal cities
like New York, where healthcare systems were
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overwhelmed. According to the CDC, approximately
41% of U.S. adults had delayed or avoided medical
care, with 12% being emergency or urgent care (CDC,
2020).

The fourth hypothesis is that respiratory diseases may
have a decrease in deaths due to coronavirus prevention
policies. Regulations on avoiding close physical contact,
increased vigilance about touching public appliances,
mask-wearing, and the shelter-in-place orders all
decrease the risk of contracting respiratory diseases.
‘Any precaution you take to avoid COVID will also reduce
your risk of contracting an influenza virus.’ said Dr. Casey
Kelley, founder of Case Integrative Health in Chicago
(Healthline 2020). A study by the University of
Maryland in 2013 found that mask-wearing reduces
aerosols shedding of virus (Milton et al. 2013).
Furthermore, airborne influenza circulates especially
quickly in elementary schools (Coleman and Sigler
2020) and in offices (Blue 2013). The lockdown order
limits contamination in those regions.

The last hypothesis is that dips in other causes of
death may correlate with spikes in COVID-19 mortality.
Underlying conditions such as Diabetes mellitus, chronic
lung disease, and cardiovascular disease have a higher
risk for severe reactions from COVID-19 (CDC COVID-19
Response Team 2020), making them more susceptible to
hospitalizations and death. This increased risk may have
resulted in more critically ill patients of other conditions
die of COVID-19 death, thus reducing the death count
for other pathologies.

This study serves to fill the gap in clarifying the mis-
information, through analysis of official data, applying
scientific models, and creating visualization dashboards,
to empirically support or disprove these hypotheses.

Planned approach

Previous literature revolving around excess deaths was
predominantly focused on the beginning of the pan-
demic - from January to March 2020. Many of these
studies looked at New York specifically, where it was
found that 22% of all deaths were excess deaths.
Weinberger concluded that the COVID-19’'s pandemic
deaths were severely underestimated (Weinberger et
al. 2020). The research attributed these underestimated
deaths to four main factors: lack of access to diagnostic
testing, false negatives from COVID tests, infections after
a negative test, and a misdiagnosis by physicians. The
study used five years of data to estimate what 2020
deaths should have been for the time, then took the
difference between this estimation and actual deaths.
Another similar study conducted by Woolf used
a Poisson Regression Model to predict and analyse
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2020 mortality for the months of March to July (Woolf
et al. 2020). The study looked at ten different causes of
deaths and concluded that 17% of deaths were excess,
with 35% of them being non COVID-19 related.

This type of literature, though providing valuable
perspectives and insights into the trends of excess
deaths, were limited to the early part of the pandemic,
used just a few years of historical data for the 2020
mortality prediction, and had no forms of data visualiza-
tion. For instance, while Lee and Andris constructed
a county-level dashboard of excess deaths, they did
not separate those mortalities by cause nor include
comprehensive data encompassing a whole year under
the pandemic (Lee and Andris 2020). This study aims to
fill these gaps by using data from 1999-2019 to predict
2020 mortality without pandemic, creating plentiful
visualizations, and analysing excess deaths for the entire
calendar year of 2020 at a far more granular level in
terms of different underlying causes of death.

Data and methodology
Data source

The data that was used in this study was acquired
from the Centers for Disease Control and Prevention’s
(CDC) National Center for Health Statistics (NCHS),
which includes the National Vital Statistics System
(NVSS) that has the mortality statistics and access to
the CDC WONDER data platform. Within the WONDER
system, this study used the underlying causes of death
for 1999-2019 by bridged-race categories (Centers for
Disease Control and Prevention 2020a). The data for
2020 is provisional and was acquired from data.cdc.
gov within the NCHS data platform (National Center
for Health Statistics 2021). The linkage between 1999-
2019 and 2020 data was done through the ICD-10

codes provided by the CDC. See Table 1 for reference.
The natural cause of death was excluded as no ICD-10
code was present and COVID-19 was only present in
2020 data files.

There are other data sources such as the Human
Mortality Database (Human Mortality Database 2020)
and the United States Mortality Database (United
States Mortality Database 2020) but none of these
sources provide death counts for specific causes of
death like Diabetes or Alzheimer’s, thus not used in
this study.

The data provided by the CDC for 2020 is the most
widely used dataset for analysing excess deaths and
mortality in 2020 and now 2021. As of March 21st,
2021, it has 715,000 views and 132,000 downloads
(NCHS, 2021). This dataset was used by the New York
Times in conducting their excess death study (The
New York Times 2020) as well as in Dr. Steven
H. Woolf's study (Woolf et al. 2020) and the CDC's
own excess death study (National Center for Health
Statistics, 2021). The novelty that our study brings is
studying the excess deaths in specific causes of
death.

Mortality data for 1999-2019 was downloaded from
CDC WONDER for each state, for each cause of death
for each month whereas 2020 data only came in
weekly counts for each state and cause of death.
Additionally, this study also downloaded yearly mor-
tality data for each cause of death for each state for
1999-2019 (WONDER, 2020). In addition to mortality
data, this study also used population estimates from
1999 to 2019 from CDC WONDER and the postcensal
population estimates for 2001-2009 (CDC Wonder
2021a). The 2019 estimated population was applied
for 2020 since 2020 population data was not available
at the time of this study.

Table 1. Underlying causes of death linking 1999-2019 with 2020 data and our dashboard.

Causes Names on our
Dashboards and Tables

Short Names in
our data files

ICD-10 Code in
Causes of Death Names in 2020 Dataset 1999-2020 Dataset
All Cause N/A
Septicaemia A40-A41
Malignant neoplasms C00-C97
Diabetes mellitus E10-E14

Alzheimer disease G30
Influenza and pneumonia J09-J18
Chronic lower respiratory diseases J40-J47
Other diseases of respiratory system
Nephritis, nephrotic syndrome and nephrosis
Symptoms, signs and abnormal clinical

and laboratory findings, not elsewhere classified
Diseases of heart

R00-R99

Cerebrovascular diseases 160-169
COVID-19, Multiple Cause of Death® uo71
COVID-19, Underlying Cause of Death® uo71

J00-J06, J30-J39, J67, J70-J98  ORSD
NOO-NO7, N17-N19, N25-N27

100-109, 111, 113, 120-151

ALL All Cause

SP Septicaemia

MN Malignant Neoplasms

DB Diabetes Mellitus

AD Alzheimer's Disease

P Influenza and Pneumonia

CLRD Chronic Lower Respiratory Disease

Other Respiratory System Diseases

MNSN Nephritis, Nephrotic Syndrome and Nephrosis
ub Unclassified Death

DH Diseases of the Heart

(@) Cerebrovascular Disease

CVDM COVID-19 MCP

CvDU COVID-19 UCP

*Note: COVID-19 was only found in the 2020 data files.



A major limitation of these datasets was the abun-
dance of suppressed values in 1999-2019 and 2020
datasets for other causes of death (not all causes). The
explanation of how these suppressed values were trea-
ted can be found in the methodology section below.

There must be a differentiation made between under-
lying causes and the listed cause of death. The CDC
defines the cause of death as being ‘the disease or injury
which initiated the train of events leading directly to
death’ (CDC, 2019). Therefore, if an Alzheimer’s patient
contracted and died from COVID-19, their cause of death
would be COVID-19. It is the same reason that while
diabetes is a specified comorbidity, a patient with dia-
betes who dies from COVID-19 has the cause of death
listed as COVID-19. Similarly, if diabetes caused
a patient’s death, even though the patient may have
tested positive with COVID-19, as long as COVID-19 is
not the leading cause of death, the death would be
categorized as a death of diabetes, which is the under-
lying cause of death. Such death would also be counted
under COVID-19 Multiple Cause of Death, but it will not
be double counted in the total death count.

The cause of death in this study is based on CDC's
definition of Underlying Cause of Death, which was
selected from the conditions entered by the physician
on the cause of death section of the death certificate.
When more than one cause or condition is entered by the
physician, the underlying cause is determined by the
sequence of conditions on the certificate, provisions of
the ICD, and associated selection rules and modifications.
Each death certificate contains a single Underlying Cause
of Death, though it may have up to twenty Multiple
Causes of Death (CDC Wonder 2021b).

In this study, only COVID-19 has an additional sepa-
rated count for Multiple Cause of Death. These are deaths
attributed to a different Underlying Cause of Death,
where COVID-19 was a contributing factor, though may
or may not be ranked as the top factor. These COVID-19
Multiple Causes of Death counts are not included in the
total death counts because they are already counted
under their respective main underlying causes.

Estimating suppressed values

The first challenge encountered in this study concerned
the treatment of suppressed values. The CDC suppresses
death counts for any given cause-state-month (or week)
when the count is below 10, for privacy protection pur-
poses (CDC Wonder 2021a). Estimating these sup-
pressed values is the first step in preparing the
historical data for the simulation of 2020 mortality, and
for making 2020 actual data comparable to the simu-
lated results.
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Table 2. Distribution of suppressed values among causes of
death.

1999-2019 1999-
# 2020 # 2019% 2020%
Causes of Death Suppressed Suppressed Suppressed Suppressed
Septicaemia 2557 1233 19.90% 44.74%
Unclassified Death 2489 1209 19.37% 43.87%
Other Respiratory 2178 1175 16.95% 42.63%
System Diseases
Nephritis, 1760 1061 13.69% 38.50%
Nephrotic
Syndrome and
Nephrosis
Influenza and 1085 1094 8.44% 39.70%
Pneumonia
Alzheimer's Disease 534 452 4.15% 16.40%
Diabetes Mellitus 390 621 3.03% 22.53%
Chronic Lower 103 410 0.80% 14.88%
Respiratory
Disease
Cerebrovascular 25 385 0.19% 13.97%
Disease
Malignant 0 3 0.00% 0.11%
Neoplasms
Diseases of the 0 2 0.00% 0.07%
Heart
COVID-19 MCP 326 11.83%
COVID-19 UCP 332 12.05%
All Causes 0 0 0.00% 0.00%
Total 11,121 8303 7.21% 21.52%

In the 1999-2019 dataset, out of the 154,224 total
data points (21 years monthly per state per cause),
11,121 or 7.2% are suppressed. Among the 51 states
(including the District of Columbia), 28 states have at
least one suppressed value. Of the 11 causes, 9 have
suppressed values across the nation, the exceptions are
Malignant Neoplasms (Cancerous Tumours) and
Diseases of the Heart, as shown in Table 2.

In the 2020 dataset, out of the 38,584 total data
points (one year weekly per state per cause), 21.5%
are suppressed. All 53 geographic units (50 states,
the District of Columbia, Puerto Rico, and New York
City) have at least one suppressed value. All 11
causes have suppressed values across the nation,
the exception is the ‘All causes’ category, as shown
in Table 2.

Geographically, in both datasets, most suppressions
happen in the states with smaller population sizes, as
shown in Figure 1.

Past work endorsed by the CDC on this topic
explains the impact of suppressed values on local
mortality rates using CDC WONDER (Tiwari et
al., 2014). Explanations of using two Bayesian models
on estimating county-level suppression can be found
in Quick (2019). Both of these papers estimate sup-
pressed counts at the county level using state data
and do not fit the requirements of this study that is
to estimate the monthly mortality rates at the state
level for various causes of death.



6 A. KUMAR ET AL.
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Figure 1. Spatial distribution of suppressed values.

To estimate the suppressed values this study treated
each cause of death for each state separately. The first
step was to calculate the percent average of the histor-
ical data for each month during 1999-2019. This was
taken as an average of the 21 years of data for each
cause of death for each state for each month. Step two is
to find the residual of the suppressed values for
each year, which was taken from the difference between
the yearly and monthly data for each state and for each
cause of death. Step three distributes the residual
according to the weight calculated from step one,
which is the percent average for each month. If all the
values for a particular month are suppressed across the
21 years, this study took the percent average for that
month from the nearest neighbouring state as the resi-
dual distribution weight. The nearest state is determined
by the distance between polygonal centroids of two
states, calculated in ArcGIS Pro (Esri 2021). Overall,
2,814 values (25% of the total suppressed values for
1999-2019) were computed using neighbouring state
percentages.

For suppressed 2020 death values, the residual values
were calculated from the total United States values for
each cause of death. The residual was distributed across
the suppressed states normalized by 2019 state
population.

To compare with monthly data from 1999 to 2019,
the 2020 weekly data, after filling in suppressed values
by estimations, are divided evenly into daily values, and
then aggregated into monthly counts. This process is
repeated by cause and by state. The death rate per
100,000 people is then computed using the 2019 state
populations.

Computing the prevalence metrics

After estimating the suppressed values, this study used
the PHM value estimation methodology developed for
‘Geo-visualizing Diet, Anthropometric and Clinical
Indicators for Children in India: Enabling District
Prioritization for Interventions’ (Subramanian et al. 2020)
to calculate the prevalence-headcount metric. To account
for temporal variations, the values were normalized and
calculated for each month individually. The steps to cal-
culate the PHM value were to first normalize the preva-
lence and headcount metrics then combine them
together after the normalization. The three formulas are
the following according to the aforementioned paper:

Step 1 - Normalizing Prevalence: P = (P — Pp;p)/
(Pmax - Pmin)

Step 2 - Normalizing Headcount: H™" =
(Hmax - Hmin)

(H - Hmin)/



Step 3 - Calculate PHM: PHM = (P"o'™  H"o™) /2

The prevalence and per capita values were computed
with population estimates from 1999 to 2019, in which
the 2019 population was used for 2020 and postcensal
population estimates were used for 2001-2009, taken
from CDC WONDER (CDC Wonder 2021a).

The raw count of deaths, when reported by state,
cannot directly reveal the pattern of severity of the pan-
demic. States ranked high with the total death counts
are inevitably states with larger populations. The per
capita death rate gives a comparable measure of severity
between states. However, the impact of the pandemic
on densely populated states is different than on sparsely
populated ones, even when the per capita death rate is
similar. The PHM value provides comprehensive metrics
to compare severity of the pandemic’s impact, combin-
ing total counts and per capita rates.

Predicting 2020 mortality without COVID-19

To predict the 2020 mortality values from 1999 to 2019
data, this study used the Exponential Triple Smoothing
(ETS) algorithm which accounted for seasonality in the
dataset (Microsoft 2019a). As stated in the Microsoft
Power Bl Team’s technical blog: ‘The algorithm (ETS
AAA) is a state-space-based forecasting method.
Essentially, forecasts are weighted averages of past
observations, with recent observations given more
weight.” (The Power Bl Team, Microsoft 2021)

To ensure the model has adequate accuracy in its pre-
diction, a simulation test was done for 2019 causes of
death. The same methodology was applied with the excep-
tion of taking out 2019 death data from the input, having
the predictive death values for 2019 be the output. This
mirrors what was done with the 2020 predictive model.

The results of this 2019 prediction vs. actual compar-
ison are available for public examination at the dash-
board ‘Mortality of Various Causes in the United States -
2019 Prediction vs. Actual Comparison’ (Kumar and
Tibrewal 2021). Since 2020 values are under the impact
of COVID-19, this 2019 accuracy test was designed to
ensure that the model was performing adequately and
that the predictions would be reliable.

Compared with the model predicted death values
from 1999 to 2018 data, 380 actual values in 2019
(5.6% of the total compared values) fell beyond the
95% confidence range of the predicted values. They
are almost evenly split, 2.75% fell below the range, and
2.9% rose above the range. The same model was then
used to predict 2020 death values from 1999 to 2019
data. The actual values in 2020 were compared with the
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predicted values cause-by-cause, state by state, and
month by month. Five percent (5%) of the 2020 actual
values fell below the 95% confidence interval of the
prediction, while 14.5% rose above it. More details are
presented in the result section below.

The dashboard for US 2020 mortality prediction-
actual comparison is part of the ‘COVID-19 Impact on
Mortality of Various Causes in the United State’ dash-
board (Kumar and Tibrewal 2021), which displays the
forecasted values per 100,000 population for each
cause of death for each state.

An additional feature on the dashboard is to detect
anomalies in the 1999-2019 dataset. The anomalies
were computed via the SR-CNN algorithm, a built-in
algorithm in Power Bl by Microsoft and is configured to
account for 90% sensitivity, which means data points
that do not fit within a 10% change range among the
total data points (per cause, per state and per month
during the 1999-2019 period) will be marked as an
anomaly (Microsoft 2019b). This helps dashboard users
to examine irregular changes in the data and their vola-
tility, on top of seasonal fluctuations and long-term
trends.

Data processing and visualization

Python scripts and Excel formulas were applied to compute
data. All the data processing steps and files can be found
on the Harvard CGA GitHub page (Kumar and Tibrewal
2021). The final derived dataset can be found on Harvard
Dataverse (Center for Geographic Analysis 2021).

Due to the complexity of the data, several dash-
boards were built to facilitate data visualization and
exploration for the research team. At the same time
these dashboards were made public so that every-
one can access the data in not only tabular format
but also as dynamically linked maps, charts and
graphs. Findings reported in this paper can be inde-
pendently verified on the dashboards, and additional
patterns and trends may be discovered and tested
on them.

Power Bl and Tableau were selected among popular
dashboard platforms for their functionality and perfor-
mance advantages. The data preparation was done in
Excel and Power Query, which allowed for the pivoting
of columns into rows. The data was read as temporal and
joined with Power Bl’s internal United States map pro-
jected in the Mercator projection. A Power BI free
account was used for making and publishing the two
main dashboards (2019 and 2020) after creating them on
Power Bl Desktop. The layout customization was first
done in Figma and then the Ul was transferred to
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Power BIl. The Tableau dashboards were made with
a Tableau Desktop Student Licence. The layout of the
states was provided by Brittany Fong.

The dashboards that are produced as a result of this
study include the following:

(1) COVID-19 Impact on Mortality of Various Causes
in the United State (with tutorial)

(2) Mortality of Various Causes in the United States —
2019 Prediction vs. Actual Comparison

(3) Predicted and Actual Deaths in the United States
without COVID-19 for 2020

(4) Multiple and Underlying COVID-19 Deaths per
100,000 People in the United States for 2020

The links to access these dashboards and the video
tutorial can be found on the Harvard CGA GitHub page
(Kumar and Tibrewal 2021).

The first two dashboards are on Power BI. They allow
the public to select certain states, causes of deaths,
months and years with fully customizable queries that
can be executed on the fly to see the selected data
geographically, temporally, and statistically. The last
two dashboards are on Tableau, which provide a space-
time integrated view of monthly changes in excess
deaths across the nation. These interactive query and
visualization tools help make comparisons across states,
seasons and causes of death quick and easy.

Results and discussion

This section evaluates the eleven causes of death and
COVID-19's effect on them as seen in the dashboard.
Any trend line above or below the 95% confidence
interval is considered to be significant. Compared
with model-predicted values from 1999 to 2019
data, most 2020 actual mortality rates increased,
a few stayed stagnant, and two decreased.

Figure (2a, 2b) shows the percent of actual death
values fell outside of the 95% confidence interval of
model prediction in 2020 and 2019 respectively for
each of the 11 causes of death, and the total death
of all causes. The ‘all causes’ category for 2020
includes death counts listed under COVID-19
Underlying Cause of Death but does not include
the counts of COVID-19 Multiple Cause of Death,
because the latter is already counted under their
respective main underlying causes other than
COVID-19.

The COVID-19 causes did not exist prior to 2020, thus
have no predicted values to compare with. In 2019, all
causes have less than 6% of actual values beyond the
95% confidence interval of model prediction, either

above or below. In 2020, most causes have less than
6% of actual values below the 95% confidence interval
of model prediction, while most causes have much
larger percent of actual values above the 95% confi-
dence interval of model prediction, as high as 55% for
the ‘all causes’ category, due to the excess deaths caused
by COVID-19 directly and indirectly.

Across the nation, when deaths caused directly by
COVID-19 are removed, deaths of all other causes
combined remained at or rose above the predicted
levels throughout 2020. Figure 3 shows the predicted
and actual (grey and red, respectively) monthly
deaths per 100,000 population across the US in
2020 after removing COVID-19 deaths. North
Carolina has incomplete data for December of 2020,
which caused a dip of the red line in Figure 3 that
does not represent an actual decrease in death
counts. Several states, such as Arizona, Missouri,
Tennessee, Nevada, North Dakota and South Dakota,
as well as the District of Columbia, have elevated
actual deaths by other causes compared with model
predictions in all months of the year. While New York,
New Jersey, Massachusetts, and Connecticut have
a spike in the spring coinciding with the COVID-19
deaths spike, followed by a dip in early summer,
perhaps due to lockdown measures reducing expo-
sure to other airborne diseases.

Excess death directly caused by COVID-19 has been
widely reported. Our study is focused on the indirect
impact of COVID-19 on excess deaths of other causes.
The following section explores the patterns of the 11
causes of death in more detail.

Increases

The following four causes of death increased beyond the
95% confidence interval during the pandemic:
Alzheimer’s Disease, Diabetes, Unclassified Deaths, and
Diseases of the Heart. This study explores the possible
reasons behind the increases in Alzheimer’s Disease and
Diabetes deaths.

According to the dashboard, there was an increase in
Alzheimer’s Disease deaths in 31 states. The dashboard’s
graph of two states with increases are depicted in
Figure 4(a,b). The increase was corroborated by the
Wall Street Journal in June 2020, which reported an
increase of about fifteen thousand Alzheimer’'s deaths
nationwide during the first four months of the pandemic
(Kamp and Overberg 2020). CDC's Chief of Mortality
Statistics, Dr. Robert Anderson, said in June, ‘It's going
to take more complete data and some more time to
estimate how much of these are missed COVID-19
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Figure 2. a. Percent of actual death values outside of the 95% confidence interval of model prediction in 2020. b. Percent of actual
death values outside of the 95% confidence interval of model prediction in 2019.

deaths and how many of these are indirect.” Since that
statement, the CDC has refined their data and accounted
for many of these limitations.

The spike in Alzheimer’s deaths may be attributed to
two distinct factors. One is the shelter-in-place order.
Forcing patients to be physically distant from each
other and their caregivers may have caused disruption
of routines in nursing homes across the country.
Disruption is also one of the principal causes of demen-
tia patients deteriorating in health (Porock et al., 2015).
Loss of control often triggers disengaged and distressed
behaviours in dementia patients. Many quarantined

people, especially during the onset of the pandemic,
reported feeling isolation, loneliness, and depression
(Ettman Catherine et al. 2020). Depression is closely
intertwined with dementia, with up to 68% of dementia
patients also reporting traits of depression (Muliyala and
Varghese 2010). The higher depression and loss of con-
trol exacerbates the effects of dementia, which might
have led to more deaths.

Second, people living with Alzheimer’s have a higher
risk of contracting COVID-19 due to their position and
exposure. Due to the patients” high genetic vulnerability
to coronavirus, Alzheimer’s deaths may have an increase
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2 available in the

Predicted and Actual Deaths in the United States
without COVID-19 for 2020 (Jan-Dec)
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Figure 3. Predicted and actual (grey and red, respectively) monthly deaths per 100,000 population across the US in 2020 after

removing COVID-19 deaths.
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Figure 4. a. Increase in Alzheimer’s Disease deaths in Texas. b. Increase in Alzheimer’s Disease deaths in New York.

because they were not correctly categorized as COVID-
19 deaths. Towards the beginning of the pandemic,
a shortage of test kits caused many COVID-19 deaths in
Alzheimer’'s patients to be attributed to Alzheimer’s
Disease. According to the New York Times in
February 2021, more than 34% of all deaths due to
COVID-19 occurred in nursing homes (The New York

Times 2021). According to the CDC in 2016, over 40%
of nursing home residents were diagnosed with forms of
dementia including Alzheimer’s (CDC, 2020). Therefore,
those with dementia are more likely to be located in
residential care communities, and those communities
are highly susceptible to coronavirus deaths (Wang
et al. 2021). At the early stages of the pandemic when



testing kits were limited, some of their deaths may have
been counted under Alzheimer's disease rather than
COVID-19.

Diabetes Mellitus, commonly known as Diabetes,
also had an increase in mortality during the pan-
demic. According to the dashboard, there was an
increase above the 95% confidence interval in
Diabetes deaths during the pandemic in 38 states.
The relationship between Diabetes and COVID-19
severity has been well documented since the onset
of the pandemic. It is listed as one of the comorbid-
ities of coronavirus deaths. Research by Vanderbilt
University found that COVID-19 severity triples
among people with Diabetes (Gregory et al. 2021).
Additionally, a study scraping 61 million medical
records in the United Kingdom found that 30% of
COVID-19 deaths occurred in people with Diabetes
(Barron et al. 2020). The correlation between
Diabetes and COVID-19 mortality is due to the weak-
ening in the immune system due to inflammation
and obesity. Lower cardiorespiratory fitness among
Diabetes patients makes the immune system more
susceptible to the coronavirus. Just as with
Alzheimer’'s Disease, a shortage of test kits may
have caused the subsequent increase in COVID-19
deaths to be attributed incorrectly to Diabetes. The
pandemic induced stress on the medical service sys-
tem may have caused Diabetes patients not receiving
timely and adequate care, thus increasing their death

COVID-19 Impact on Mortality of
Various Causes in the United States

This page shows the L @ETS Forecast per 100,00

difference bet

forecasted and the actual
values of a st
Use the filt
refine your

hover over a visuz

more details. Learn More

Line-Chart Comparison
State

Mississipr

Cause of Death
Jiabetes Mell /
Month

2020 202

Figure 5. Increase in Diabetes deaths in Mississippi.
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risk even if they are not infected by the coronavirus.
Figure 5 shows the extent of excess death of
Diabetes in Mississippi.

The remaining two causes of death that increased
(Unclassified Deaths and Diseases of the Heart) are not
examined in this study.

Slight increases

The two causes of death that had a slight increase in
deaths were Influenza and Cerebrovascular Disease.
Influenza and pneumonia, as shown by the dashboard
results in Figure 6(a, b), exhibit a short season of increase
in the spring, and remain at predicted levels for the rest
of the year, contrary to much media portrayed decrease.
The increase in the spring is likely related to insufficient
testing of COVID-19. The reasoning for the expected
decrease is based on the effect of COVID-19 interven-
tions, such as lockdowns, mask-wearing, and school clo-
sures on influenza transmission, which would lessen the
spread of influenza in the population . However, the CDC
data does not confirm this. It is possible that the seaso-
nal peaks of influenza (between December and
February) in the US preceded the height of the pan-
demic, leading to no major change in influenza activity
during later months (CDC 2020). Lastly, it must be
emphasized that most literature surrounding seasonal
influenza during the pandemic focuses on decreasing
cases and not mortality (Young et al. 2020).

Per 100,000 Deaths  Prevalence-Headcount Metric ~ Excess

Death Analysis
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Figure 6. a. Spring spike in Influenza and Pneumonia deaths in New Jersey. b. Slight increase in Influenza and Pneumonia deaths in

West Virginia.

Twenty states saw a rise above the 95% confidence
interval of predictions in Cerebrovascular Disease deaths
for at least one month during the pandemic, as shown in
Figure 7. A literature review conducted from January
through July 2020 found that there is no single pattern
of cerebrovascular disease related to COVID-19.

Respiratory tract infection triggers strokes and
a byproduct of COVID-19, but this is not a causal rela-
tionship (Fraiman et al. 2020). Another literature review
found that the relationship between Cerebrovascular
Disease and COVID-19 is merely incidental (Tsivgoulis
et al. 2020).
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Figure 7. Slight increase in Cerebrovascular Disease deaths in South Dakota.

Decreases

Deaths of two causes decreased during the pandemic -
Chronic Lower Respiratory Disease (CLRD) and Other
Respiratory Diseases. According to the dashboard there
was a decrease in CLRD deaths below the 95% confi-
dence interval of model prediction in 20 states. CLRD is
characterized by breathing difficulty, includes asthma,
and is commonly linked to smoking (Centers for
Disease Control and Prevention (US); National Center
for Chronic Disease Prevention and Health Promotion
(US); Office on Smoking and Health (US) 2010).
Previous research has indicated a causal relationship
between a CLRD diagnosis and higher COVID-19 mortal-
ity. A meta-analysis of COVID-19 patients in China found
that patients with CLRD had a 5.97-fold increased risk of
requiring hospitalization due to coronavirus (Cakir Edis
2020). From this information, it would be expected that
the CLRD mortality count would rise, in the same way
that Alzheimer’s Disease and Diabetes did due to the
shortage of COVID-19 testing. In the states hit hard by
the first wave, this indeed happened. The short spike
was followed by a persistent decrease in CLRD deaths for
the remainder of the year (Figure 8a). Other states saw
a decrease in CLRD deaths through the year without the
initial spike (Figure 8b).

Recent research indicates that CLRD may in fact be
a positive factor during the pandemic. A study by the
George Institute for Global Health found that those with

asthma have a lower risk of contracting coronavirus than
those without asthma and have similar clinical outcomes
(Sunjaya et al. 2021). Another study found that COVID-19
patients with asthma had a lower risk of death than those
without asthma (Liu et al. 2021). A study by the Boston
Children’s Hospital explains possible reasons for the
higher resilience of asthma patients (Simoneau et al.
2020). First, better medication adherence due to corona-
virus fears may have led to higher inhaler usage and lower
deaths. Second, coronavirus health measures like social
distancing and handwashing prevented transmission of
seasonal viruses like influenza, which is a common asthma
trigger. Third, environmental factors such as improved air
quality due to less traffic and less contact with allergens
on school playgrounds contributed to a decrease in CLRD
irritants. Researchers at the University of Pennsylvania
corroborated these claims, attributing the drop in CLRD
deaths to social distancing, school shutdowns, and
enhanced hygiene (Murez 2020). It is expected that the
drop in Other Respiratory Disease deaths is due to the
same reasons as the drop in CLRD deaths.

No changes

Deaths caused by Malignant Neoplasms, Nephritis,
Nephrotic Syndrome and Nephrosis, and Septicaemia
matched the model predictions well. This study explored
the possible reasons for the trend in deaths of Malignant
Neoplasms (Figure 9). Malignant Neoplasms, more
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Figure 8. a. Initial spike followed by a persistent decrease in CLRD deaths in New York. b. Persistent decrease in CLRD deaths through

2020 in Oregon.

commonly referred to as cancer, are listed as a COVID-19
comorbidity. Therefore, it would be expected to
increase, in line with Diabetes and Influenza. However,
the dashboard indicates a stagnant count in cancer
deaths, likely due to the non-emergency nature of med-
ical care for cancer patients. Reports show that during

the pandemic, chemotherapy patients are scrupulously
taken care of, with excess measures taken to minimize
the threat of contracting coronavirus (SSM Health 2020).
Furthermore, a recent study indicated that patients
receiving chemotherapy were in fact at a lower risk of
contracting COVID-19 (Chen et al. 2021). Another study
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Figure 9. Comparison between actual (red) and predicted (blue) death counts of Malignant Neoplasms (Cancer) in 100,000 population
in California (grey dotted lines are 95% confidence intervals of the model prediction).

found that delayed cancer treatment, was theorized to
cause an increase in deaths, was found not to hinder
outcomes of many patients (Fillon 2020). Malignant
Neoplasms were largely isolated and did not increase
its death count in accordance with COVID-19 cases.
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Spatial distribution of excess death

When counting all deaths, including COVID-19 as causes,
the District of Columbia, North Dakota, South Dakota,
Missouri and Arizona lead the nation with more than 250
deaths per 100,000 population in excess to the model
predicted values for 2020 (Figure 10).

Per 100,000 Deaths  Prevalence-Headcount Metric ~ Excess Death Analysis

State Difference —
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v

District of 336.61

Columbia

North Dakota 272.03

South Dakota 26061

Missouri 257.54

Arizona 25439

Tennessee 222.28

New York 21699

Louisiana 216.16

New Jersey 215.86

Nevada 206.89

Mississippi 204.73

Alabama 181.69

Rhode Island 177.70

Indiana 17712

Arkansas 17061

Texas 166.85

Wisconsin 162.18

Florida 160.90

Oklahoma 160.59

Connecticut 158.60

Pennsylvania 156.59

Georgia 15476

Illinois 15473

Ohio 153.55

Delaware 150.56

Montana 149.93

Maryland 1497

South Carolina 145.03

Michigan 14472

Colorado 140.02

Massachusetts 139.57

New Mexico 135.80 i

lowa 13475

Figure 10. Spatial distribution of excess death of all causes including COVID-19 in 2020.
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Figure 11. Percent of monthly actual death counts per 100,000 population under 11 non-COVID-19 causes in 2020 that are beyond
95% confidence interval of model prediction based on 1999-2019 actuals.
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Figure 12. COVID-19 deaths across the United States through the year 2020.



When removing COVID-19 deaths, the remaining
excess death of other causes shows a different pattern.
Figure 11 shows the spatial distribution of excess death
in 2020, excluding COVID-19 death. Monthly actual
death counts per 100,000 population under 11 non-
COVID-19 causes in 2020 were compared with model-
predicted values based on 1999-2019 actuals, resulting
in the percentage of values that are higher than the 95%
confidence interval of the model prediction, which was
defined as excess death. Missouri led the nation with
23% of values falling into the excess category, compared
with only 1.5% for 2019. Alaska followed with 20%
excess values, compared with 6.8% for 2019. Arizona,
Texas, New Jersey, New York, and Tennessee have
more than 17% values in the excess category.
Mississippi, Georgia, Maryland, Michigan, California and
Wisconsin have more than 15% in excess. Among all of
them, the highest percentage for 2019 was 7.5%.

The leading states with more non-COVID-19
excess deaths are somewhat different from those
states reporting the highest COVID-19 deaths.
Figure 12 shows the COVID-19 death reported in
2020 by state, normalized by population and aggre-
gated by month for comparison. Alaska is one of the
states which reported the least COVID-19 deaths.
Further study is needed to explain this apparent
contradiction. It is possible that some states might
have insufficient testing thus COVID-19 deaths were
more likely miscategorized into other causes, or
some states might have effective measures which
curbed COVID-19 deaths but caused other stress on
medical services for critically ill patients of other
causes.

From Figure 12, it is evident that throughout the
nation and through the year, the per 100,000 people
death rates for COVID-19 being the Underlying cause
are almost the same as that for COVID-19 being one of
the Multiple causes. As mentioned in the Introduction
section above, there is only a small percent of death
(about 6%) listed COVID-19 as the Underlying cause
without any other contributing causes. This study
shows that there is also a small percent of death listed
COVID-19 as one of the Multiple causes but not the
Underlying cause. These two portions, the former
included in the death counts for COVID-19 being the
Underlying cause, the latter included in the death counts
for COVID-19 being one of the Multiple causes, largely
cancelled each other out, making the total COVID-19
Underlying and Multiple deaths very close to each
other. In other words, a large majority of COVID-19
involved deaths have COVID-19 as the leading cause.
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Hypothesis validation

As shown on the dashboards, findings from this study
confirmed the first hypothesis. Results showed that
COVID-19 death counts have not been overestimated,
and the pandemic has led to more deaths among other
pathologies too. COVID-19 death statistics have indeed
been widely misunderstood by the general public. The
main rationale for skeptics of official CDC counts is the
purported misclassification of COVID-19 deaths as from
other pathologies. If this were the case, we would expect
COVID-19 to spike as other deaths decrease. However,
we find that most causes of death did not exhibit the
aforementioned behavior. On the contrary, there is an
increase in death by most causes, such as Diabetes and
Alzheimer’s Disease, which showed synchronization in
space and time with COVID-19 death. The only excep-
tions were the two Respiratory Disease, which exhibited
a decrease, likely due to pandemic responding behaviors
such as mask-wearing and lockdowns which reduced
exposure to air pollutions and/or other air-borne ele-
ments of harm. As such, we can conclude that COVID-
19 impact on death is not overestimated and, in fact,
causes significant excess mortality in most other pathol-
ogies, in contrast to popular beliefs on social media and
elsewhere.

The second hypothesis is also confirmed by the
study. Our data revealed correlations between deaths
by other underlying conditions and COVID-19. As stated
before, we find that there is a positive correlation
between spikes in deaths by Alzheimer's disease,
Diabetes and COVID-19. Both Diabetes and
Alzheimer’s disease have been known as major comor-
bidities of coronavirus deaths. The excess deaths in
these two causes shown by our dashboard are likely
the result of misclassification of causes when COVID-19
testing was not sufficient. This is supported by data
showing that both Alzheimer’s Disease and Diabetes
had an increase in deaths during the onset of the
pandemic in New York and surrounding states, where
the first wave of COVID-19 hit the hardest. Alzheimer’s
Disease has a genetic linkage to higher COVID-19 mor-
tality, and the environment of nursing homes makes
senior citizens with Alzheimer’s more susceptible to
contracting the virus. Diabetes is a COVID-19 comorbid-
ity, with demonstrated links to respiratory complica-
tions due to higher inflammation and obesity.
Therefore, the demonstrated rise in Alzheimer's
Disease and Diabetes deaths may be linked to
a shortage in testing, resulting in their deaths incor-
rectly classified as caused by those diseases alone
instead of COVID-19.
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The third hypothesis is that the pandemic pressure on
healthcare systems accompanied by patients’ fear of the
virus may have led those who need medical care (for non-
COVID-19 related conditions) to not be able to access it,
or not receive the adequate care needed. This was espe-
cially prevalent during the beginning of the pandemic in
coastal cities like New York, where healthcare systems
were not prepared for COVID-19. Patients with life-
threatening diseases may refrain from seeking treatment
by going to the hospital out of fear of COVID-19. There
has been a major decline in ED visits in Michigan for the
following conditions: 23% decline for heart attack, 20%
for stroke, and 10% for hyperglycaemic crisis, all of which
are life threatening (Lange et al. 2020). The pandemic also
caused a great shortage of medical essentials such as
ventilators (CDC, 2020), Personal Protective Equipment
(CDC, 2020), and blood (Stanworth et al. 2020), all leading
to struggle in providing medical care. From the dash-
board, it is apparent that several causes of death signifi-
cantly increased throughout the pandemic in most parts
of the nation. Thus, it seems that a lack of medical equip-
ment as well as the fear of contracting COVID-19 from
hospitals may have contributed to the patients not receiv-
ing adequate care, thus increasing deaths.

The fourth hypothesis is not supported by the dash-
board. The Influenza and Pneumonia mortality rates
were expected to decrease during the pandemic, but
the dashboard indicates that this is false, as seen by the
Influenza and Pneumonia fatality counts during the pan-
demic. On the contrary, the CDC data shows that there is
a slight increase in Influenza deaths during the
pandemic.

The last hypothesis is largely not supported by the
data, as there are no decrease in death of most other
causes, except two — the chronic lower respiratory dis-
eases (CLRD) and the other respiratory diseases. One
possible explanation for the decrease of the respiratory
diseases related deaths is that the COVID-19 prevention
measures also protected them from exposure to triggers
of their diseases. Another possibility could be that these
patients are at high risk when exposed to COVID-19. If
contracted, their death would be counted under COVID-
19 rather than CLRD, thus reducing the death count
under CLRD alone. Further study is needed to verify
such assumptions.

Limitations

There are a few limitations of this research. The first is
that it is reliant on CDC definitions for causes of deaths
during the pandemic. CDC defines two types of excess
deaths: those having died with COVID-19 and those

without. Excess death without COVID-19 is the prime
focus for our research, as it could potentially include
deaths indirectly caused by COVID-19 but listed under
a different cause. When mentioning deaths caused by
a certain disease, this research refers to the primary
cause of death listed by coroners, which may or may
not be misclassified.

The second limitation is that the CDC WONDER data is
subject to variation in subjective judgment across juris-
dictions. The National Notifiable Diseases Surveillance
System uses national surveillance case definitions to try
to remove as much of this subjectivity and variation as
possible before the data is added to the CDC WONDER
database; however, some variation may always be
present.

The third limitation is the scope of our research.
Due to time constraints, our research is focused on
the space-time changing patterns of various deaths in
relation to coronavirus. This project was unable to
explore the differences of some mortality rates across
states, for instance. Furthermore, our study is unfit to
differentiate between various causes of the excess
death. Our only finding in this regard is that some
causes of death increased when COVID-19 death was
high. Due to the limited spatial granularity of the
data, space-time exploration and visualization are
more feasible spatial analysis methods, rather than
more sophisticated spatial statistical methods. CDC
county level data is expected to arrive by the end of
2021, allowing for the application of spatial statistical
methods such as clustering or hot spot detections,
which are potential areas for further research.

The fourth limitation is the purpose of our dashboard,
which was developed primarily as a data exploration and
verification tool for the research team. It is open to the
general public to provide succinct and factual informa-
tion regarding excess COVID-19 mortality. However, this
project was unable to conduct a formal dashboard
development project due to resource constraints.
A future area of improvement could include user
requirement interviews, usability testing and functional-
ity assessments in order to make the dashboards more
professional and user-friendly.

Conclusion

The dashboards were effective in aiding the exploration
of CDC data and providing readable visualizations with
which to compare predicted vs actual mortality trends
through 2020. The suppressed values problem was
solved by estimating each cause and each state’s sup-
pressed values separately, referring to the nearest neigh-
bouring state when the residue distribution weight is



missing. The Exponential Triple Smoothing (ETS) algo-
rithm and a 95% confidence interval were adequate
models for predicting mortality without COVID-19, pro-
viding a base to study the excess deaths caused by the
pandemic.

There were four trends found in this research. First,
deaths of most reported causes increased in 2020,
including Diabetes, Alzheimer’s, Heart Disease, and
unclassified deaths. While diabetes is commonly known
as a COVID-19 comorbidity, its fatality has increased
independently, possibly due to reduced exercise and
care, compounded by nursing home exposure without
sufficient COVID-19 testing. The increase of Alzheimer's
Disease deaths may be due to a combination of factors,
including exposure in nursing homes without sufficient
testing and depression from the shelter-in-place order.

Second, Chronic Lower Respiratory Disease and Other
Respiratory Disease are the only two causes of death that
showed a decrease. Contrary to media opinion, mask-
wearing protocol and less exposure to air pollution may
have brought the fatality rate for respiratory diseases
down.

Third, influenza rates showed a slight increase,
debunking a misconception that coronavirus response
measures resulted in a decrease in influenza deaths.

Fourth, Malignant Neoplasms, Nephritis, Nephrotic
Syndrome and Nephrosis, and Septicaemia are
causes that showed no noticeable difference in
death counts. A possible explanation might be that
medical care for these diseases are less dependent
on emergency room services compared with the
other causes of death, thus less impacted by the
pandemic.

The two main limitations of this study are the
reliability of CDC data and the handling of sup-
pressed values. While the CDC has made efforts dur-
ing the pandemic to ensure that their handling of
COVID-19 numbers is accurate, there is no guarantee
that provisional data from the most recent year can
withstand such scrutiny. Prior research (Faust and Del
Rio 2020) indicates that data reliability, among other
factors, reduces the feasibility of comparing causes of
death over time. Suppressed data has a considerable
impact on the prediction of each cause of death, and
there has been minimal previous research on how to
deal with it. This project expanded on prior methods
by introducing a geographic component to the
estimations.

This research has contemporary applications in statis-
tics, public health, and policies. The project’s approach to
suppressed data is a novel method of data processing and
may have reference value in future spatiotemporal work.
The trends found from the dashboard can have impacts in
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US politics and in medicine, with hopefully more aware-
ness going to common causes of death such as Diabetes
and Alzheimer’s Disease during the pandemic.

After completion of this paper (late March 2021), the
CDC released a similar study (CDC 2021) analysing trends
from 2013 to 2020 for weekly mortality data, and com-
paring estimated to 2020 death data in a similar fashion
as this study. The conclusions of both studies agree.
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