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A B S T R A C T

BACKGROUND AND PURPOSE: Acute stroke patients may have undiagnosed coronavirus disease 2019 (COVID-19) infection,
transmissible to medical professionals involved in their care. Our aim was to determine the value of incorporating a chest
computed tomography (CT) scan during acute stroke imaging, and the factors that influence this decision.
METHODS: We constructed a probabilistic decision tree of the value of acquiring a chest CT scan or not, expressed in quality-
adjusted life months (QALM) of patients and medical professionals. The model was based on the chance of detecting infection
by chest CT scan, the case fatality rates of COVID-19 infection, the risk of COVID-19 infection after exposure, the expected
proportion of medical professionals exposed, and the exposure reduction derived from early disease detection.
RESULTS: The decision to incorporate the chest CT scan was superior to not doing so (12.00 QALM vs 11.99 QALM, respec-
tively), when the probability of patients having undetected COVID-19 infection is 3.5%, potentially exposing 100% of medical
professionals, and if early detection reduces exposure by 50%. The risk of developing symptomatic COVID-19 infection following
exposure casts uncertainty on the results, but this is offset by the potential for reducing exposure.
CONCLUSIONS: We identified a measurable benefit of incorporating a chest CT into the urgent imaging protocol of acute
stroke patients in reducing exposure of medical professionals without appropriate precautions. The clinical impact of this benefit,
however, may not be materially significant.
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Introduction
A novel coronavirus is responsible for the coronavirus disease
2019 (COVID-19) pandemic that is currently affecting mul-
tiple continents.1-3 Recent studies have identified that many
persons infected by this virus (the exact number is not known)
remain asymptomatic, or display only minor symptoms, which
lack specificity for COVID-19.4-6 Nevertheless, asymptomatic
individuals are capable of transmitting the illness with almost
the same infectivity as symptomatic patients.7,8 Exposure to
COVID-19 infection can result in a serious illness characterized
by a severe acute respiratory syndrome (SARS) that carries an
overall mortality estimated between 3.0% and 30%, although
the exact number remains uncertain, and its magnitude seems
greater in subpopulations of particularly vulnerable individuals
and those with multiorgan involvement.6,9 Therefore, reducing
exposure of unaffected individuals to those already infected
is a critical strategy to reduce the spread of the COVID-19
infection and its associated mortality.10-12 Multiple screening
schemes have been put into practice across the globe, each
taking into consideration the specific scenario in which it is
being instituted.10-12 Unfortunately, such algorithms may fail to
identify half of the individuals who are either asymptomatic or
in the prodromal state, and yet capable of infecting others.12

A uniquely vulnerable population is that of the medical

professionals involved in acute stroke evaluation, who may
be exposed to stroke patients with undiagnosed COVID-19
infection at the time of evaluation, although the exact risk of
contracting the disease is presently unknown, with indirect
evidence suggesting it may be very low.13-21 Recent evidence
suggests that COVID-19 infection may be present in about 5.0%
to 6.0% of stroke patients, and that COVID-19 may in turn in-
crease the risk for stroke.22,23 Still, the recommendations made
to date largely emphasize patient screening, widespread use of
personal protective equipment (PPE) (ie, masks, gowns, gloves,
etc), and limited face-to-face interactions.16,17,23 Confirmation
of COVID-19 infection requires detection of unique sequences
of virus RNA using reverse-transcription polymerase chain
reaction (RT-PCR) from oropharyngeal and nasopharyngeal
swabs and, depending upon the kit being used and the need for
an extramural reference laboratory, this can take 8-72 hours.
Therefore, the use of RT-PCR to detect COVID-19 infection is
not practical in the context of acute stroke management.16,17,23

However, increasing evidence suggests that distinct patterns
of pulmonary involvement by the COVID-19 infection are
identifiable by chest computed tomography (CT) scan in more
than 75% of infected patients, with a sensitivity of 97% for early
detection.24-29 These radiographic changes, including charac-
teristic “ground glass” opacities and consolidation (Fig 1), may
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Fig 1. Axial unenhanced chest CT of a patient with COVID-19 in-
fection, displaying the peripherally located areas of ground-glass
opacity (large arrows) and extensive areas of consolidation (small
arrows). Unpublished image courtesy of Saqib A. Chaudhry, MD

be present prior to the onset of symptoms, and even predict fu-
ture symptom onset in individuals who initially test negative by
RT-PCR.24-29

Therefore, it seemed reasonable to assess the possible ben-
efit of incorporating a chest CT scan for early detection of
COVID-19-related pulmonary changes into the urgent imaging
protocol routinely used in the evaluation of all stroke patients.
The present study explored the utility of a bedside decision-
making model that includes routinely acquiring a chest CT on
every stroke patient. Specifically, we examined the implications
on the outcomes of both the stroke patients who may be infected
with COVID-19, and on the medical professionals whom they
may expose.

Methods
Literature Search and Review

We conducted a search of the English language literature in
the National Library of Medicine via PubMed, using permu-
tations of the following search terms: “Stroke,” “myocardial
infarction,” “asymptomatic,” “prodrome,” “prodromal,” “risk,”
“hospital,” “hospitalization,” “CT,” “computed tomography,”
“chest,” “quarantine,” “mortality,” “screening,” and “identifica-
tion” paired one at a time with one invariable term: “COVID.”
The process was then repeated using the invariable term “coro-
navirus,” paired with each of the others in analogous searches.
The resulting citations were entered into a database using ded-
icated software (EndNoteTM. Clarivate Analytics, Inc. London,
United Kingdom), and the resulting publications examined for
relevance. Specifically, we selected those articles that provided
quantified chances and risks pertaining to the different variables
necessary to construct our probabilistic clinical decision model.
In addition, we also reviewed the references listed by each of
these citations, in order to identify any additional publications
with pertinent risk and outcomes information. Finally, we re-
viewed the Morbidity and Mortality Weekly Report (MMWR)
of the Centers for Disease Control and Prevention (CDC) (ie,
https://www.cdc.gov/mmwr/) and further identified applica-
ble publications. Once all relevant publications were selected,
we reviewed them with particular attention to the following
parameters: (a) risk of stroke patients harboring an asymp-

tomatic COVID-19 infection, (B) risk of developing symp-
tomatic COVID-19 infection following exposure, (c) chance
of the chest CT being diagnostic (ie, consistent with COVID-
19 infection) in asymptomatic COVID-19-infected patients, (d)
case fatality rates in asymptomatic COVID-19-infected patients
with diagnostic findings on chest CT, (e) case fatality rates in
symptomatic COVID-19-infected patients, and (f) proportion
of COVID-19 patients who require hospitalization. This infor-
mation was used to construct the decision analysis model. In
instances when the specific probabilities could not be directly
found in the literature, we used the published information to de-
rive their values by approximation. We concluded our literature
data collection, and began our analysis on April 10, 2020.

Clinical Decision Model

We constructed a probabilistic decision tree to analyze the
soundness of routinely incorporating a chest CT scan in the
urgent imaging studies for the evaluation of acute stroke pa-
tients, in order to identify asymptomatic COVID-19 infections.
We did not address those patients who present with signs and
symptoms suggestive of a respiratory infection, because com-
pleting chest CT under these circumstances is wholly justi-
fied based on the existing literature and, therefore, does not
require further assessment.24,25 We used, for all input vari-
ables, the proportional risk that had been either published or
that we approximated from the literature, as described above.
Table 1 summarizes the baseline values of all probability and
outcome estimations used as inputs for the decisions tree, as
well as the relevant literature sources for each. Each one rep-
resents the calculated mean (rounded to the nearest multiple
of five) of all probabilities found in the literature and these, in
turn, encompass the plausible range of values for each vari-
able. The logical arguments we used to choose the baseline
values for each input a variable are specified in the following
paragraphs.

The first variable, the probability that any given stroke pa-
tient harbors an asymptomatic COVID-19 infection, depends
on the proportion of all COVID19-infected individuals who re-
main asymptomatic, augmented by a factor representative of
the relationship between respiratory infection and stroke, as
noted above.22,23 The magnitude of COVID-19 asymptomatic
carriers is not known with certainty, and it is believed to be
underestimated.3 The published data suggest that the propor-
tion is between 1.5% and 17.9%, averaging 3.5%, which corre-
sponds to the value we assigned it in our decision tree (ie, base-
line value = .035 and plausible range = .015-.05).4,30-40 Next, we
extrapolated the risk of developing symptomatic COVID-19 in-
fection following exposure, considering the various levels of ex-
posure risk and the estimated transmissibility of COVID-19, ex-
pressed in part by its basic reproductive number (R0).1,18-21,31-40

We reasoned that, considering the ongoing systematic precau-
tions being instituted across medical facilities, the average risk
could be estimated at 10% across all levels of exposure, al-
though it would clearly be higher in very specific high-risk sce-
narios, and perhaps even lower if some of the recent reports are
accurate.18-20 Thus, we expressed this risk as a baseline value =
.10 plus a plausible range = .05-.60.

The chance of a chest CT scan being diagnostic (ie,
consistent with COVID-19 infection) in an asymptomatic
COVID-19-infected patient varies between 10% and 100%.24-29

Based on this information, and considering larger clinical
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Table 1. Input Variables used in the Construction of the Decision Tree

Variable Baseline Value References

Estimated probabilities at the chance nodes
Risk of stroke patients harboring asymptomatic COVID-19 infection .035 4, 30-40
Risk of developing symptomatic COVID-19 infection once exposed .10 1, 18-21, 31-40
Chance of chest CT (+) in asymptomatic COVID-19 infection .75 3, 24-30, 41
Case fatality rate in asymptomatic COVID-19 with chest CT scan (+) .25 10, 15, 22, 27, 42
Case fatality rate in symptomatic COVID-19 infections .03 3, 6, 9, 34, 40, 43
Proportion of COVID19 infected patients requiring hospitalization .50 1, 4, 25, 30, 34, 44
Proportion of medical professionals exposed to asymptomatic COVID-19 infected patient 1.0 (*)
Predicted rate of medical professionals exposure reduction by COVID-19 identification .50 (*)
Estimated outcome values at the endpoints (QALM)
Person with no evidence of COVID-19 infection 12.00 (*)
Person Quarantined due to COVID-19 infection 11.00 1, 34, 39, 50
Person hospitalized due to COVID-19 infection 9.00 1, 34, 39, 50
Person dying from COVID-19 infection .00 (*)

QALM = Quality-adjusted life month; (*) = Derived from the literature.

series, we assigned this variable a Baseline Value = .75 and
a Plausible Range = .05-1.00.3,24-30,41 The case fatality rate in
those same patients does not seem to be materially different
than that reported in series of hospitalized patients, most likely
due to the fact that the CT abnormalities frequently precede
the development of active signs of infection.26,27 Still, because
it is reasonable to think that early identification of COVID-19
infection has a beneficial impact on outcome,10,15,42 we con-
servatively assigned this variable a baseline value = .25 and
a plausible range = .10-.40.10,15,22,27,42 However, we chose an
overall case fatality rate for symptomatic COVID-19 patients of
3.0% (ie, baseline value = .03 and plausible range = .015-.20),
based on the published studies, which have reported the rate to
be as low as 1.4% and as high as 17%.3,6,9,34,40,43 The proportion
of COVID-19-infected patients who require hospitalization
is difficult to establish because the published series are based
on populations of individuals already hospitalized at the time
of the data collection.1,30,34,44 However, if we consider that
those who either remain asymptomatic or develop very mild
symptoms (ie, approximately 5-30%)4,25,30 are less likely to
require hospitalization, and could be managed by quarantine,
then the reciprocal proportion would constitute the remainder
subset of hospitalized individuals.4,25,30 Thus, we assigned a
baseline value = .50 and a plausible range = .25-.75 to this
variable.1,4,25,30,34,44 It also seemed reasonable to expect that any
given asymptomatic CODIV-19-infected patient would likely
expose all staff members (with varying magnitude) with whom
he came in contact, unless appropriate preventive measures
were instituted.10,15-17,23,45 That is, the proportion of medical
professionals exposed to an infected, yet asymptomatic, patient
would likely have a baseline value = 1.0 and a plausible range
= .10-1.00, the latter accounting for the widespread precautions
instituted in most hospitals, including the use of PPE.10,15-17,23,45

We then hypothesized that the identification of the COVID-19
infection by the chest CT scan would reduce the chances of
exposure by half (ie, proportion of staff exposed = .50).

The decision tree outcomes (ie, the utility values of the ter-
minal nodes) were quantified in quality-adjusted life months
(QALM) of the survivors, rather than quality-adjusted life years
due to the paucity of data on the long-term outcomes of
COVID-19 infection.6,9,46-49 The utility values were assigned us-
ing the following arguments: (a) the QALM of individuals not
infected by COVID-19 is at least 12.0, allowing disease-free sur-

vival up to the subsequent season (if, in fact COVID-19 turns
out to be a seasonal virus); (b) the QALM of patients who test
positive for COVID-19, and are either asymptomatic or do not
require hospitalization, is probably around 11.00, having lost
1 month due to either quarantine or the known time course
of the illness;1,34,38,39,50 (c) the QALM of patients infected with
COVID-19, and who require hospitalization, probably aver-
ages 9.0, having lost 3 months (conservatively) due to the impact
of the illness,1,34,38,39,50 and (d) the QALM of patients who die
from COVID-19 infection is .0.

Once the results of “folding back” the decision tree became
available, in order to minimize the risk of structural and pro-
gramming errors negatively affecting them, we conducted indi-
vidual univariate sensitivity analyses of all variables over their
entire range, evaluating them graphically and specifically com-
paring the slopes of the different strategies and the rank order
of the extreme values. All of the decision tree calculations (ie,
“folding back”) and sensitivity analyses were carried out using
dedicated computer software (TreePlanTM v.2.03 and SensItTM

v.1.53. TreePlan Software, Inc. San Francisco, CA), following
generally accepted rules.51,52

Results
The results of the decision tree analysis are presented in
Figure 2. The utility of incorporating a chest CT scan into the
urgent stroke imaging is superior to not doing so (12.00 QALM
vs 11.99 QALM, respectively), when the probability of detect-
ing asymptomatic COVID-19 infection by chest CT scan in a
stroke patient is 3.5%, the proportion of medical professionals
exposed is 100% if the infection remains unidentified, and if
such an exposure is reduced by 50% due to early detection of
COVID-19 infection by chest CT scan. These results appear
fairly robust, as evidenced by the sensitivity analyses displayed
in Table 2. In fact, only one of the eight variables (ie, the risk of
developing symptomatic COVID-19 infection following expo-
sure) was found to have a threshold value within its plausible
range, indicating that variations in this particular parameter
directly affect the results of the decision tree (Table 2 and
Fig 3A). The finding suggests that, at values greater than the
threshold (ie, 16% chance of becoming symptomatic following
exposure), the incorporation of a chest CT scan loses the ben-
eficial effect. This is further supported by direct comparison of
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Fig 2. Decision tree in its completed form, with inserts showing details of its two extremes. Insert (A): Reduced probability of medical
professionals (ie, “Staff”) being exposed when the chest CT scan is diagnostic, and subsequent probability of developing symptomatic COVID-
19 infection, including the consequent impact on outcomes, measured in quality adjusted life months (QALM). Insert (B): Reduced impact of
exposing medical professionals (ie, “Staff”) to individuals not infected by COVID-19, in whom acquiring a chest CT scan is likely to provide
no marginal benefit. Maximally subsequent probability of developing symptomatic COVID-19 infection, including the consequent impact on
outcomes, measured in QALM.

the relative importance of all the input variables. The tornado
chart (Fig 3B) demonstrates how this same variable has the
greatest swing and, therefore, introduces the greatest degree
of uncertainty when interpreting the value of decision tree.
Interestingly, the input variable of the proportion of medical
professionals exposed to COVID-19-infected patients has a
degree of swing of comparable magnitude but in the opposite
direction (Fig 3B). These findings support incorporating a chest

CT scan during acute stroke evaluation to reduce exposure
to COVID-19 infection. This is particularly noticeable when
comparing the effect of marginal changes of the input variables
on the decision tree results (Fig 3C). The proportion of medical
professionals exposed to an asymptomatic COVID-19-infected
patient continued to have the largest effect when expressed as
a function of percentage changes from the baseline value (ie,
the steepest slope in Fig 3C).
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Fig 3. Graphical depictions of the univariate sensitivity analyses of the effect of changes in the different variables on the results of the
decision tree: (A) The risk of a medical professional (ie, “Staff Members”) developing symptomatic COVID-19 infection once exposed marginally
decreases the utility of routinely completing chest CT studies if equal to or greater than 16% (ie, threshold value). (B) Single factor tornado
chart sorted by degree of swing, demonstrating how dependent the decision tree result is on the plausible ranges specified for the different
input variables (see text for description). (C) Multiple input, one output spider chart demonstrates how intermediate ranges (expressed as
percentage change from baseline) affect the decision tree result (see text for description).
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Table 2. Univariate Sensitivity Analyses of the Decision Tree Results

Variable Baseline Value Plausible Range Threshold Value Sensitive?

Risk of stroke patients having asymptomatic COVID-19
infection

.035 .015.05 NT N

Risk of developing symptomatic COVID-19 infection
once exposed

.10 .05-.20 0.16 Y

Chance of chest CT scan (+) in asymptomatic
COVID-19 infected patients

.75 .05-1.00 NT N

Case fatality rate in asymptomatic COVID-19 infection
with chest CT scan (+)

.25 .10-.40 NT N

Case fatality rate in symptomatic COVID-19 infections .03 .015-.10 NT N
Proportion of COVID-19 infected patients requiring

hospitalization
.50 .25-.75 NT N

Proportion of medical professionals exposed to
asymptomatic COVID-19 infected patient

1.00 .10-1.00 NT N

Predicted rate of medical professionals exposure
reduction by COVID-19 infection identification

.50 .10-.80 NT N

NT = No threshold value found; N = Not sensitive; Y = Sensitive.

Discussion
The value of incorporating a chest CT scan into acute stroke
management protocols has to be interpreted with the under-
standing of the number of stroke patients who have concurrent
COVID-19 infection, and the exposure risk to medical profes-
sionals. A recent estimation suggests that approximately 35,867
stroke patients who also have a COVID-19 infection may be
seen worldwide.23 Moreover, recent data from the CDC show
that approximately 20% of COVID-19-infected persons in the
United States have been medical professionals, highlighting the
high exposure risk within hospitals.53 Among medical profes-
sionals with data available on age and outcomes, 8-10% were
hospitalized, 2-5% were admitted to an intensive care unit, and
.3-.6% died. However, the mortality reached 37% in the sub-
set of medical professionals older than 65 years. Therefore, ex-
posure to COVID-19 infection within the hospital remains an
important issue. Nevertheless, the question that remains unan-
swered is “what is the actual risk of contracting COVID-19 in-
fection after being exposed in the hospital, particularly to an
asymptomatic or mildly symptomatic patient?” Counterbalanc-
ing the CDC data mentioned above, recent publications suggest
that this risk may be quite small.18-21 On the other hand, these
represent small retrospective series, with multiple limitations,
including a failure to take into account that the sensitivity of
RT-PCR testing for COVID-19 has a considerably high rate
of false-negative results (ie, about 30%).24 The uncertainty sur-
rounding this issue is illustrated by the sensitivity analysis of our
decision model, although the threshold value of the input vari-
able being higher than the baseline value suggests that lower
than average risks would have little effect on the results.

The urgent management of acute stroke patients, some
of whom may have unrecognized COVID-19 infection, has
multiple challenges.16,17,45 Acute stroke care is very time-
sensitive, requiring rapid clinical and imaging assessments,
which may not allow time-consuming COVID-19 infection
screening procedures.16,17,45 Also, the history of exposure and
symptoms suggestive of COVID-19 infection may not be re-
liably ascertained due to aphasia, altered consciousness, and
other neurologic deficits inherent to the stroke syndrome.
Moreover, the exposure risk is not limited to the emergency de-
partment but extends to other sites such as angiographic suites
if endovascular intervention is necessary and/or intensive care

units when patients require multimodal monitoring. Therefore,
early identification of stroke patients who have COVID-19 in-
fection may considerably reduce the exposure of medical pro-
fessionals working at multiple hospital locations. The acqui-
sition of a chest CT scan concurrently with a head CT scan
has been recommended for the evaluation of acute stroke pa-
tients during the COVID-19 infection pandemic, but such sug-
gestion has been based on expert opinion, and the need for a
data-driven assessment of this issue has been acknowledged.23

Presently, however, prospective clinical studies addressing this
question are not available, thereby limiting the information
from which to derive practical guidance. Thus, in the face of
uncertainty, using a probabilistic clinical decision model based
on the only existing data constitutes the best alternative method
of addressing such an important clinical question.51,52

The results of our decision tree demonstrate that incorporat-
ing a chest CT scan within the urgent imaging protocol used
to evaluate acute stroke patients constitutes a better strategy
than not performing such a scan. However, the value of this
approach is small and appears sensitive to (a) attributes that
would influence the risk of transmission of the COVID-19 infec-
tion following exposure and (b) the proportion of medical pro-
fessionals inadvertently exposed to patients with unidentified
COVID-19 infection (Table 2 and Fig 3). Thus, as the risk of de-
veloping symptomatic COVID-19 infection increases, the ben-
efit of screening stroke patients with a chest CT scan is reduced,
probably due to the effect of increased infectivity of those with
nondiagnostic chest CT studies, with a greater tendency for the
infection to spread within the hospitalized population (Figs 3A
and 3B).

Our clinical decision model has inherent limitations that
must be considered in the interpretation of the results. First, we
used somewhat conservative baseline estimations of the vari-
ables, thereby increasing the burden of proof that incorporat-
ing a chest CT scan would be of any benefit. For example,
using a 50% reduction of medical professionals’ exposure fol-
lowing early identification of infected patients by a diagnostic
chest CT scan does not reflect the use of comprehensive iso-
lation protocols, which may reduce exposure to 80% or more
(ie, at rates comparable to those specified earlier) and may re-
sult in a higher magnitude of benefit. Second, our decision tree
modeling is an oversimplification of the true pattern of spread
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of such an infective virus, because it selectively focuses on
patient-to-medical professionals’ exposure, and does not con-
sider the subsequent exposure from one medical professional
to another, as predicted by the exponential growth rate and the
R0 of the infection, originally estimated at .1-.14/day and 2.2-
2.7, respectively.32,34,36,38-40 Therefore, any beneficial effect of
an intervention destined to reduce exposure would be underes-
timated, by not accounting for second-degree exposures. This
underestimation becomes even more pronounced when consid-
ering more recent data that suggest that the true R0 of COVID-
19 may be within the 5.0-7.0 interval.38,54 A third limitation is
that the model does not take into account the effect on the actual
stroke patient whose urgent imaging protocol will incorporating
a chest CT scan, particularly with regard to the time-sensitive
therapeutic decisions required in this clinical scenario.16,17,45

However, chest CT scans can be presently completed in just
a few minutes following any other neurologic CT studies, with-
out removing the patient from the table. Such an addition is
unlikely to interfere with treatment algorithms for intravenous
thrombolysis and/or endovascular techniques. Finally, we are
compelled to address the magnitude of the gain of incorporat-
ing a chest CT scan in the evaluation of every single patient.
Although undoubtedly “numerically” significant, the results of
our decision model may be viewed as not “clinically” signifi-
cant, because the difference in value (ie, .01 QALM) equates to
a fraction of 1 day. Although decision-analytic purists have ar-
gued that it does not matter,55 such a small margin could also
be interpreted as either of the two courses of action being “not-
inferior” to the other.

In conclusion, incorporating a chest CT into the urgent
imaging protocol of acute stroke patients seems to reduce ex-
posure of medical professionals, with a beneficial effect mea-
surable in QALMs. The clinical impact of this benefit, however,
is questionable, although it is likely to be magnified when com-
prehensive isolation techniques applied to patients identified by
chest CT scan lead to greater than 80% reduction of the chance
of exposure of medical professionals.
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