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Telemedicine services range from real-time consultations, remote monitoring, to electronic medical record
data transfers. This case study of data from private telemedicine provider, SOC Telemed, explores the
matched needs of hospitals and service of telemedicine providers based on consult volume. A predictive
model for demand forecasting can optimize telemedicine resources to improve patient care and help hospitals
decide how much to invest in telemedicine services.

This study trained consultation data from current hospital telemedicine clients. The model analyzes char-
acteristics, including hospital size (number of beds), per department size and annual volume, patient demo-
graphics, time of consultation, reason for consult, and more. Various regression techniques were used to
demonstrate a strong correlation between these features and weekly demand with 72 = 0.7821. Reason for
Consult in the past week was the strongest predictor for the demand in the next week with 2 = 0.7899.
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. INTRODUCTION

Telemedicine is a more than 100 year-old concept that
describes the process of using information technologies
and telecommunications platforms to deliver healthcare
services, which range from consultations, education, ex-
changing patient records data, research, and more!. In
fact, telemedicine practices date back to the 1920s when
ship-to-shore radios transmitted cardiac sounds®. Re-
cently, telemedicine market growth was projected to be
$41.8 billion with > 19% growth from 2018-2022, yet
currently only addresses 0.1% of global demand”®. In
this paper, we refer to telemedicine as the use of tech-
nology to deliver care remotely between patients and
providers. Specifically, we are analyzing TeleNeurology,
an application of telemedicine to treat patients who re-
quire a neurology specialist, such as for acute ischemic
stroke, migraines, or epilepsy.

Consultation demand is the quantity and frequency of
consult requests from hospitals. Hospitals across the na-
tion are interested in predicting the number of future vis-
its within a specific time (i.e. within one week or one
month). This information is valuable because it impacts
hospital cost assessment in terms of overcrowding, hos-
pital understaffing, and insufficient bed availability?.

TeleStroke and TeleNeurology are
telecommunication-based services specific to treat-
ing patients who have stroke and neurological disorders
in need of care from a neurologist. In a randomized
blinded, and prospective trial, TeleStroke was more

YElectronic mail: nhung @mit.edu.
b Electronic mail: jagnik @mit.edu.

patient-specific, sensitive, and higher predictive values
than traditional telephone-based consultations'®. These
are typically deployed in underserved facilities that lack
24/7 stroke expertise? 1?12, Previous studies have shown
that TeleStroke services performed as reliably as bed-
side neurologists by comparing their assigned NIHSS
scores, the National Institute of Health Stroke Scores,
from neurologists in person and neurologists treating
via telemedicine®. The study concludes that doctors
practicing through telemedicine can be used to help
emergency physicians administer tissue plasminogen
activator (tPA), a drug that dissolves blood clots used to
treat ischemic stroke+©,

TeleStroke has also been shown to be cost-
effective, with Incremental Cost-Effectiveness Ra-
tio of $108,363/QALY in the 90-day horizon and
$2,449/QALY in the lifetime horizon!'®. Similar studies
found that the cost-effectiveness of hub-and-spoke Tele-
Stroke can increase the number of patient discharges!®.
Demand prediction could improve these services even
further to predict how many clinicians expected to be in
the hospital because clinicians on staff in hospital clients
and telemedicine clinicians providers can be more ef-
ficiently staffed. However by lowering the barrier to
get access to neurologists, there is a higher representa-
tion of Stroke Mimics, which describes patients having
a diagnosis that has symptoms similar to stroke, such as
seizures and migraines 2%,

A. Background Literature

Many hospital departments are interested in forecast-
ing demand for care for a variety of reasons. For ex-
ample, emergency departments (ED) in the U.S. experi-
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enced widespread overcrowding issues, which negatively
impacts patient quality of care and hospital costs’. Pre-
dictive studies using Poisson models on EDs have shown
with up to 90% confidence that the highest number visits
during the week is Monday and increases from 7:00AM
until it peaks at noon? 18,

Another study forecasted hospital bed demand by an-
alyzing prediction techniques: hourly historical aver-
age, seasonal autoregressive integrated moving average
(ARIMA), and sinusoidal with an autoregression (AR)-
structured error term. ARIMA performed the best and
was able to estimate demand for bed count 4 to 12 hour
in advance.

However, to our knowledge, there is no study that eval-
uates the cost-effectiveness of TeleNeurology implemen-
tation by forecasting demand for consultations across
different clients. This is true because telemedicine ser-
vices vary nationwide based on the demands of individ-
ual hospitals, which can be on available bed count, hospi-
tal type, value-based care or fee-for-service care, hospital
staffing, etc. This study can help shed light on what fac-
tors affect return on investment for telemedicine services
for both hospitals and providers.

B. Data and Methods

The dataset has 411 hospitals and 97,593 consulta-
tions since July 2015. The number of consultations were
predominantly focused on stroke, followed by Transient
Ischemic Attack (TIA), encephalopathy, seizures, and
stroke that requires tPA Administration (tPA Stroke). Al-
though less frequent, tPA Stroke is the highest clinical
priority. The hospital clients bed count sizes ranged from
10 to 1432. Geographically, the data shows a heavier
representation of hospitals in Southeast, which occupy
around 35% of the total number of clients. They are in
Figure 2, which shows the fields used to run our models.

Within Tele-Neurology, there is an even split be-
tween males and females who received consultations:
around 53,000 females received consultations compared
to 43,000 males, which is summarized by the pool of
females dominating at 55% overall. As the number of
consultations was dependent on Provider Diagnosis: an
overwhelming majority of consultations were based on
stroke, followed by TIA, then tPA stroke, which is much
more serious and life-threatening.

Data Visualizations

The relationship between tPA administration and a va-
riety of factors, including gender and age, is highly cor-
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Figure 1. Shows the number of consultations based on the age
of the patient.
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Figure 2. Demonstrates variety of hospitals represented in
data.

relational. Although there was no correlational relation-
ship between gender, there is a normal-like distribution
that models the relationship between age and tPA (Figure
[T). The data shows that tPA Administration accumulates
mostly in New Jersey at 278 cases, followed by Pennsyl-
vania at 165 cases (Figure ).

Interestingly, New York, which had less than half the
number of tPA administrations than North Caroline or
New Jersey despite experiencing similar demand for Te-
leNeurology.

Using polynomial regression fitting, tPA administra-
tion and the months of the year follow a cubic relation-
ship with 72 value 0.757.

C. Results

OLS linear regression and polynomial regression
models are used to find strong correlations between fea-
tures and demand. Ridge regression and the lasso were
also tested on the dataset to find the best fit model. Ridge
regression is used for fine-tuning the complexity of the
model with a regularization term, while lasso regression
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Figure 3. Number of consultations categorized by condition
entered by physician.
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Figure 4. Number of consultations tPA Administration nor-
malized by state.

suits sparse data by forcing the sum of the absolute value
of the regression coefficients to be less than a fixed value,
causing some certain coefficients to be set to zero and
reducing the problem to a simpler model that does not
include those coefficients:'?

Given below are plots depicting the weekly and
monthly telemedicine service demand aggregated across
all partnering hospitals, over a period of approximately a
year.

The weekly demand (Figure[7) appears to be centered
around 850-950 patients utilizing telemedicine services.
These counts oscillate around this center on an approx-
imately 1.5-week basis, and demand is noted to spike
slightly around the holidays and new year periods.

The monthly demand plot (Figure [8) below con-
firms the above observation, where dips and peaks are
observed either once or twice a month (the sudden
downward-sloping lines at the immediate left and right
of the plots are due to the provided data beginning and
ending in the middle of a month).

An OLS linear regression and polynomial regression
were conducted on the dataset (Figure[J), where the gen-
erated trends are depicted with a dotted green line and
solid red line respectively, overlayed on a scatterplot of

tPA versus Month
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Figure 5. tPA administration varies polynomially based on
time of year.
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Figure 6. tPA administration varies based on age range.

demand aggregated weekly.

The following results were outputted for the OLS re-
gression, with the slope of the line being 0.202485, the
y-intercept as 845.707773, and the correlation coeffi-
cient as 0.0357. The low correlation coefficient out-
putted prompted running a model with additional input
variables. After experimenting with various orders of fit-
ted polynomials, training, testing, and cross-validation
were executed to generate accuracy scores, which were
no longer highly variable from run to run due to an aug-
mented independent variables set in the system.

The following features were used to train the new re-
gression models: Time Zone, Visit Initiated, State, Sex,
Age, Service Line, Reason for Consult, Provider Diag-
nosis, Hospital Type, Bed Count, Stroke Center, Ad-
vanced Comprehensive Stroke Center, and Total ER Vis-
its to predict telemedicine consultations. Running lin-
ear regression on these features, most of the datapoints
matched our predicted value where 72 = 0.7821 (Fig-
ure[10). Applying lasso regression on the same features,
the r* = 0.7695, which was less optimal than OLS Lin-
ear Regression. Ridge regression on all inputs yielded
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Figure 7. Weekly telemedicine service demand
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Figure 8. Monthly telemedicine service demand

slightly better results, 72 = 0.7829 (Figure , and per-
formed the best overall. This was expected because ridge
regression penalizes incorrectly trained labeled predic-
tions.

Running the weekly prediction linear regression
model with just Provider Diagnosis, the model had r? =
0.7433 (Figure [[4). Using the same model with Ser-
vice Line in place of Provider Diagnosis, the accuracy
increased to r? = 0.7698. Weekly prediction with only
Reason for Consult performed the best even compared to
training all the features together with 72 = 0.7899 (Fig-
ure [I4). Interestingly, weekly forecasting with Reason
for Consult and Provider Diagnosis bumped the accuracy
to r2 = 0.8057. It is expected that Reason for Consult
and Provider Diagnosis would yield strong results, but it
was surprising that the Service Line was also an equally

Ordinary Least Squares (OLS) Linear Regression and Polynomial Fit
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Figure 9. Linear and polynomial fits on weekly aggregated
demand
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Figure 10. Visualization of relation between measured and pre-
dicted demand.

good predicting factor.

The sparse nature of this dataset enabled a slight
change in the target variable to cause huge variances in
the calculated weights. The plots below, one for each of
ridge regression (Figure[IT)) and the lasso (Figure[T2), set
a certain regularization (alpha) to reduce this variation.
When alpha is very large, the regularization effect dom-
inates the squared loss function, causing the coefficients
tend to zero. At the end of the path, as alpha tends toward
zero and the solution toward the ordinary least squares,
coefficients exhibit large oscillations. In outputting accu-
racy statistics for the models built for this study, we set
an alpha enabling a maximal score.



Predictive Modeling for Telemedicine Service Demand

weights

alpha
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Figure 12. Lasso coefficients as a function of the regulariza-
tion.

D. Conclusion and Future Work

This paper aims to reasonably predict future consult
demand to optimize hospital staffing and analyze return
on investment for both parties. This study demonstrates
that there is a strong correlation between month/week
of a telemedicine consultation request and the predicted
number of consultations. We have found that certain
combinations of input features, including hospital char-
acteristics and certain consult characteristics (namely
Provider Diagnosis, Service Line, and Reason for Con-
sult), yield forecasted telemedicine consult demand with
around 78% accuracy overall.

Ongoing work includes improving the accuracy of the
current predictive model by adding a classification by
service line and the reason for consult and provider diag-

nosis component to it, in order to further break down the
provided forecasted demand outputs. We will continue
to work around dataset limitations, which include the
dataset consisting entirely of data from one telemedicine
provider and its clients, for a single practice, only over a
one-year time period. Ideally, we would like more infor-
mation on the degrees to which telemedicine was utilized
in consults over various hospitals, patient demographics
data (to analyze which hospitals get greater telemedicine
service demand and if this is correlated with patient de-
mographics), and notes of which partnering hospitals
specialize in which service lines. Noting that the spikes
and dips in demand over the year are not dramatic, we
look to build in an anomaly detection component into
the model, to search specifically for which points and
microtrends most affect telemedicine service demand at
certain points over time.
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G. Appendix

Sample fields used in models and regression result ta-
bles are shown on the next page.
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_ Field Definition Example Categories Definition of Categories

Transient Ischemic Attack

Requires brain imaging for
Acute ischemic stroke diagnosis within 60 min in

Reason for initiating order to intervene

Reason for Consult .. .
telemedicine consultation

Migraine Throbbing/pulsing head pain
involunt d rhythmi
Tremor invo .ungary and rhythmic
shaking
Stroke that i tPA
Stroke/tPA Stroke ro .e. a4 reqmres
administration
Sudden, uncontrolled
il s Seizure electrical disturbance in the
Provider Diagnosis Clinica Hlaghosis from brain1®
telemedicine consultation
Brain degeneration likely
Encephalopathy caused by repeated head
traumas??
Migraine Throbbing/pulsing head pain
Neuro Routine Middle priority
Il e (E15717217 Neuro Emergency Highest priority

consultation scheduling
Neuro Routine — Scheduled Lowest priority

Figure 13. Key fields, example fields, and descriptions used in data analysis.

Linear (OLS) r?=0.7821 2
Ridge r?2=0.7829 1

r2=0.7695 3

Figure 14. Results for linear, ridge, and lasso regression models.
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