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Smoot

ning Technigues Versus

Regression ModelsApplied

ultiple regression models have
M become the prime method of

choice in the area of forecast-
ing. Economists, especially in the
academic arena, in many instances give
no consideration to any other method but
regression analysisin order to examine
cause and effect relationships and to use
such relationships to forecast future
outcomes. Regression models appear to
have become the * Cadillac’ of forecast-
ing methods.

Undoubtedly, regression analysisis
avery powerful tool of forecasting.
However, there is another question of
interest, which forms the basis for this
study: could other methods, such as
smoothing techniques, be used with
equal effectivenessin place of aregres-
sion analysis? Could a smoothing
technique produce a forecast of greater
or, at least equal, accuracy? This
question takes on added importance in
cases where the effectiveness of regres-
sion analysisis questionable due to
unavailability of datafor certain appro-
priate explanatory variables, or where
time appears to be the most important
independent variable.

One such case involves forecasting
daily patient census for a hospital, which
on the surface seems to be an excellent
candidate for an econometric modeling
and forecasting by means of multiple
regression. In the regression model for
determining patient census, explanatory
variables, such as a hospital ward, day of
the week and day of the month, are
chosen and used to determine patient
census. Thus, it isassumed that patient
censusisafunction of these and other
guantitative variables. However, there
are other possible explanatory variables
that are qualitative in nature and cannot
be effectively included in aregression

ital Patient Forecasting

equation, not even viathe use of dummy
variables. One such variableisthe
training background of the physician
who admits patients to a hospital. Some
medical schools presumably teach a
more conservative approach to patient
care which resultsin longer hospital stay
for the patient. Some other medical
schools may train their studentsto rely
on aminimum hospital stay for their
patients. Such differencesin training,
for example, have adirect and signifi-
cant effect on daily patient census, yet
thereis no effective method of quantify-
ing such avariable for inclusionin a
multiple regression model.

The objective of this study isto
produce forecasts of daily hospital
patient census using a smoothing
technique, and to compare these fore-
casts to forecasts generated by means of
multiple regression model, which was
estimated in a previous study (Vargha,
2000), to determine the viability of a
smoothing technique relative to regres-
sion analysis for such acase. For this
purpose, the total patient censusiis first
disaggregated into individual wards and
analyzed for presence of trend and
seasonal variations. Next, each data set
containing seasonal variationsis
deseasonalized to obtain data with
possibly trend variations only. Subse-
guently, two smoothing techniques, both
capable of dealing with trend variations
in the data, are employed to produce
short-term forecasts of daily patient
census. Theresults of these forecasts are
then compared to the forecasts obtained
viamultiple regression analysis using
various error measurements to determine
the viability of such forecasting methods
in producing accurate forecasts for this
particular event.
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In recent times, economic forces
have created increasingly tough and
pervasive incentive for hospitals to
reduce their costs. Nursing staff
compensation constitutes, by most
estimates, over 50 percent of total
operating costs for hospitals. Thus, any
cost reduction schemes merit an exami-
nation of nursing staff. Generally,
hospitals would seem to have two
choices: (1) cut back the nursing staff, or
(2) improve the efficiency of scheduling
the nursing staff. A method that allows
the hospital administrator to project, with
a high degree of accuracy, the number of
patientsin award at a given time will
result in amore efficient scheduling of
the nursing staff and thus help lower
costs. Similarly, in thelong run, cost
saving can result from planning based on
more accurate projections.

Empirical work in this areais rather
scarce. Helmer, Oppermann, and Suver
(1980) developed amodel for forecasting
the number of patients by level of care.
For a 220-bed short-term acute-care
hospital, they developed six different
intensity-of-care level categories. Next,
they used regression analysis to develop
amodel capable of predicting the number
of patients by care level for each hospital
ward by month, day, and shift.

The number of patients for agiven
care level was regressed with different
wards, months of the year, days of the
week, shifts of the day, and day of the
year. After running numerous regres-
sions using over 9,600 observations,
Helmer et al. came up with seven
models, four for individual care levels
and three for combinations of care
levels. They report very satisfactory
results at a significance level of 0.05 (o
=0.05).

In arelated study, Wilson and
Schuiling (1992) attempted to identify
variables that influence hospital labora-
tory workload in order to develop
workload forecasts for such laboratories.
They identified four independent
variables—inpatient admissions, acuity
days, length of stay, and discharge
days—as being important determinants
of billable proceduresin alaboratory.
Then they regressed billable procedures
(the dependent variable) on the four
independent variables. To overcome

potential effects of serial correlation, the
Cochrane-Orcutt procedure is employed.

Wilson and Schuiling tested the
resulting regression model for a one-year
period and found the annual percent
forecast error to be 0.7 percent. They
also attempted to forecast laboratory
workload using an exponential smooth-
ing technique called Winter’ s Exponen-
tial Smoothing model. Tests showed this
model was not quite as accurate as the
regression model in predicting. For the
same one-year time period |aboratory
workload was forecasted using a
subjective forecasting method (a method
based on experience and history). The
annual percent forecast error for the
subjective forecast was 11.6 percent,
much higher than the error for the
regression model.

In arecent study, the author of this
study (Vargha, 2000), developed a
regression model for a medium-sized
Mid-western hospital. Daily patient
census data was collected from seven
different wards for a period of 364 days.
Assuming daily patient censusisa
function of day of the week, day of the
month, day of the year, and the ward of
the hospital, a regression model was
constructed and estimated. The Durbin-
Watson test of this model indicated
existence of serial correlation, whichis
not uncommon in business and economic
data. Consequently, the remedy of
taking the lag of the dependent variable
and adding it as another explanatory
variable was chosen, and the model was
re-estimated.

An examination of the results for the
revised regression showed the following:
the F-test again indicated thereisa
significant relationship between total
daily census and the ward, time, day, and
month variables. The two models were
tested for relative accuracy by using each
regression equation to generated
forecasted values for each of the
observed census values. Finally the
MSE (mean squared error) and RMSE
(root mean squared error) were deter-
mined for each model. The revised
model, adjusted for seria correlation
proved to generate a more accurate
forecast.

The accuracy of forecasts generated
with regression models, such as the one
described above, could potentialy be
enhanced, if additional explanatory

variables can beidentified and included
in the estimation of the model. Thisis
not always possible. There are possible
explanatory variables that are qualitative
in nature and often cannot be effectively
included in aregression eguation because
of unavailability of necessary data.

One such variable isthe training
background of the physician who admits
patients to a hospital. Some medical
schools presumably teach a more
conservative approach to patient care
which resultsin alonger hospital stay for
the patient. Other medical schools may
train their students to rely on a minimum
hospital stay for their patients. Such
differencesin training, for example, have
adirect and significant effect on daily
patient census. This factor could
theoretically beincluded in aregression
model by means of dummy variables.
However, lack of data and the wide
range of different training backgrounds
make it very difficult, if not impossible,
to include such explanatory variablesin
amultiple regression model.

In the absence of such variables, and
under the assumption that daily patient
census isafunction of day of the week,
day of the month, day of the year, and
the ward of the hospital only, the
following interesting question emerges:
would the accuracy of the forecast
improve if one assumes patient censusis
afunction of time and wards, and thus
used other techniques, such as smoothing
techniques to forecast daily patient
census by each ward separately? This
study attempts to provide some answers
to this question.

M ethodology

This study was done in three steps.
In step one, the revised regression model
was tested for accuracy. In step two,
smoothing techniques were used to
forecast daily patient census for each
ward. Inthefinal step, the results of
steps one and two were compared to
conclude whether or not smoothing
techniques are, under certain conditions,
aviable alternative to a multiple regres-
sion models.

1. Testing The Multiple Regression
Model

The testing method employed here
isamethod called an Ex Post forecast.
In order to generate an ex post forecast,
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an estimated model. The model isthen
used to forecast values for the ex post
forecast period, for which observed
values are available. The results thus
obtained are compared to observed

the time period for which observed
values are available is divided into two
periods: the estimation period and the ex
post forecast period. The values for the
estimation period are used to re-estimate

values to determine the accuracy of the
model.

In thisinstance, the model adjusted
for seria correlation was used twice to
re-estimate another regression equation.

TABLE |
Regression Analysis
1- WEEK EX POST FORECASTING PERIOD

Day NO2 - 1 week SO2 - 1 week SO3 - 1 week NS2 -1 week PCU - 1 week SICU - 1 week SSDU - 1 week
CENS | FCST CENS FCST CENS FCST CENS FCST CENS FCST CENS FCST CENS | FCST
11-23 24 27 27 28 26 26 10 14 8 14 13 16 12 14
11-24 17 25 23 28 24 26 12 12 8 12 16 14 12 13
11-25 12 21 24 25 21 24 10 12 13 11 16 14 11 12
11-26 12 18 28 25 25 22 8 10 15 12 12 13 11 11
11-27 18 21 30 29 29 27 14 12 11 16 16 14 15 13
11-28 27 23 27 30 29 28 14 15 16 14 20 16 16 15
11-29 31 28 31 29 31 28 15 15 15 16 20 18 16 16
RMSE 5.66 2.67 2.27 2.04 3.68 245 125
MAPE 0.32 0.09 0.08 0.15 0.32 0.14 0.08
TABLEII
Regression Analysis
2 - WEEK EX POST FORECASTING PERIOD
Day NO2 - 2 week SO2 - 2 week SO3 - 2 week NS2 -2 week PCU - 2 week SICU - 2 week SSDU - 2 week
CENS | FCsT CENS FCST CENS FCST CENS FCST CENS FCST CENS FCST CENS | FCST
11-16 32 30 32 31 31 31 15 15 16 16 20 16 15 15
11-17 31 29 31 31 31 30 15 14 16 16 21 17 15 14
11-18 21 27 23 29 27 28 13 13 16 14 13 16 16 13
11-19 18 22 26 25 27 26 13 11 14 14 17 12 14 13
11-20 23 23 29 29 31 29 11 14 14 15 16 16 15 15
11-21 29 26 31 30 29 30 15 13 15 15 16 16 16 15
11-22 27 28 26 31 24 30 12 15 11 16 18 16 13 16
11-23 24 27 27 29 26 27 10 14 8 14 13 17 12 14
11-24 17 26 23 28 24 28 12 12 8 12 16 14 12 13
11-25 12 21 24 25 21 25 10 12 13 11 16 14 11 12
11-26 12 18 28 25 25 24 8 10 15 12 12 13 11 11
11-27 18 21 30 30 29 28 14 12 11 16 16 14 15 13
11-28 27 24 27 30 29 30 14 15 16 14 20 16 16 15
11-29 31 28 31 29 31 30 15 15 15 16 20 18 16 16
RMSE 4.66 2.88 241 2.00 2.99 2.92 151
MAPE 0.22 0.08 0.07 0.14 021 0.15 0.08
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First, the data consisting of the first 358
of the 365 observations was used to
estimate a new regression equation
leaving the last seven observations for
the ex post forecast period. The new
equation thus estimated was then used to
forecast the daily patient census for each
ward for periods 359 through 365. Next,
the observed values for each ward and
for periods 359 to 365 were compared
against the forecasted values and the
mean squared errors and the mean
average percentage errors were cal cu-
lated. Theresults arereported in Tablel.

The wardswere asfollows:
2 North — Orthopedics (NO2)
2 South — Genera Surgery (SO2)
3 South — Oncology and Neurology
(SO3)
2 North Sub — Urology and Gynecol ogy
(NS2)
PCU - Progressive Care Unit
(PCU)
SICU - Intensive Care Unit
(SICcv)
SSDU - Surgica Step-down Unit
(SSDU)

Next, the data consisting of the first
351 of the 365 observations was used to
estimate a new regression equation
leaving the last 14 observations for the ex
post forecast period. The new equation
thus estimated was then used to forecast
the daily patient census for each ward for
periods 352 through 365. Next, the

observed values for each ward and for
periods 352 to 365 were compared against
the forecasted values and the mean
squared errors and the mean average
percentage errors were calculated. The
results are reported in Table 1.

2. Forecasting Using Smoothing Tech-
niques

In this step, the same data was used
to forecast daily patient census viatwo
different smoothing technique methods.
The smoothing techniques chosen were
Brown’s Linear Exponential Smoothing
technique (sometimes referred to as a
Double Exponential Smoothing) and
Holt's Two Parameter Linear Exponen-
tial Smoothing. Both of these methods
are capable of forecasting more than one
period into the future. Both of these
techniques are also capable of handling
data sets that contain trend variations.
Conceptually, these two techniques are
similar, except that in Holt’ s technique a
second smoothing constant is added to
deal with trend in the data. The reason
for using two smoothing methods was
simply the attempt to improve the
accuracy achieved with the smoothing
techniques.

Neither of these two methodsis
capable of dealing with seasonal varia-
tioninthedata. Thus, an autocorrelation
analysis was done on the actual datafor
each of the seven wards to determine
presence of trend and seasonal variations
inthe data. The autocorrelation coeffi-

cients were tested at 95 percent confi-
dence level to determineif they were
significantly different from zero.

For each of the seven wards, the
autocorrelation analysis and test indi-
cated some trend variation. Seasonal
variation was detected for wards 2
North, 2 South, 2 North Sub, Intensive
Care Unit, and Surgica Step-down Unit.
Consequently, it was decided to
deseasonalize the data for these five
wards. The ratio-to-moving-average
method was employed for this process
using seven periods for the moving
average since the autocorrelation
coefficients for the 365 days showed a
‘spike’ for the seventh, fourteenth,
twenty-first, etc. periods.

Theratio of observed valuesto the
moving averages were used to construct
aseasonal index chart for seven days and
fifty-two weeks. An adjustment factor
was calculated and used to adjust the
mean value for each of the seven days.
The resulting values were divided by 100
to obtain an adjusted seasonal index for
each day of the week. Finally, the actual
data for each day of the week was
divided by the appropriate seasonal
index to obtain a series of deseasonalized
datafor all 365 days.

Asin the estimation earlier using
regression analysis, in this part the total
period, for which data was available, was
divided into an estimation period and an
ex post forecast period. First, the
observed values for the first 358 time

Brown’sLinear Exponential Smoothing
1- WEEK EX POST FORECASTING PERIOD

TABLE 11

Day DSNO2 - 1 week DSSO2 - 1 week SO3 - 1 week DSNS2 -1 week PCU - 1 week DSSICU - 1week | DSSSDU - 1 week
CENS | FCST | CENS | FCST | CENS | FCST | CENS | FCST | CENS | FCST | CENS | FCST | CENS | FCST
11-23 22.0 25 28 29 26 29 9 13 8 15 12 16 11 14
11-24 16.0 25 23 29 24 29 11 13 8 15 15 16 12 14
11-25 14.0 24 23 29 21 29 11 13 13 15 19 16 12 14
11-26 14.0 24 26 29 25 29 10 13 15 15 15 16 12 14
11-27 19.0 24 31 29 29 29 14 13 11 15 16 16 15 14
11-28 26.0 24 28 29 29 29 13 13 16 15 18 16 15 14
11-29 27.0 23 32 29 31 29 14 13 15 15 18 16 15 14
RMSE 6.92 3.70 411 2.24 4.12 2.24 1.85
MAPE 0.37 0.13 0.13 0.19 0.33 0.13 0.15
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periods were used to generate forecasts
for the last seven periods (ex post
forecast period). Thiswas done first
using the Brown’'s method and then
Holt’s method. The observed values

were used for wards 3 South - Oncology
and Neurology (SO3) and PCU -

Progressive Care Unit (PCU), since
autocorrelation analysis did not indicate
seasonal variations for these wards.

For the other five wards, 2 North -

Orthopedics (NO2), 2 South - General
Surgery (SO2), 2 North Sub - Urology

and Gynecology (NS2), SICU - Intensive

Care Unit, and SSDU - Surgical Step-

TABLE IV

Holt’s Two Parameter Linear Exponential Smoothing
1- WEEK EX POST FORECASTING PERIOD

Day DSNO2 - 1 week DSSO2 - 1 week SO3 - 1 week DSNS2 -1 week PCU - 1 week DSSICU - 1week | DSSSDU - 1 week

CENS | FCST | CENS | FCST | CENS | FCST | CENS | FCST | CENS | FCST | CENS | FCST | CENS | FCST
1123 | 220 | 25 28 29 26 28 9 12 8 14 12 16 11 14
11-24 | 160 | 25 23 29 24 28 11 11 8 14 15 16 12 13
11-25 | 140 | 25 23 29 21 28 11 11 13 14 19 16 12 13
11-26 | 140 | 25 26 29 25 28 10 11 15 14 15 16 12 13
11-27 | 190 | 25 31 29 29 28 14 11 11 14 16 16 15 13
11-28 | 260 | 25 28 29 29 28 13 10 16 14 18 16 15 13
1129 | 270 | 25 32 29 31 28 14 10 15 14 18 16 15 13
RMSE 7.30 3.70 357 251 3.55 2.24 1.85
MAPE 0.39 0.12 0.12 0.16 0.30 0.12 0.14

TABLE -V
Brown’sLinear Exponential Smoothing
2 - WEEK EX POST FORECASTING PERIOD
Day DSNO2 - 2 week DSSO2 - 2 week SO3 - 2 week DSNS2 -2 week PCU - 2 week DSSICU - 2week | DSSSDU - 2 week

CENS FCST CENS FCST CENS FCST CENS FCST CENS FCST CENS FCST CENS FCST
11-16 | 290 | 29 33 30 31 29 14 15 16 15 19 18 14 15
11-17 | 300 | 29 31 30 31 29 14 15 16 15 20 18 15 15
11-18 | 240 | 29 22 30 27 29 14 15 16 15 15 18 17 16
11-19 | 220 | 29 24 30 27 29 16 15 14 15 21 19 16 16
11-20 | 240 | 30 30 30 31 29 11 15 14 15 16 19 15 16
11-21 | 280 | 30 32 30 29 29 14 16 15 15 14 19 15 16
11-22 | 240 | 30 27 30 24 29 11 16 11 15 16 20 12 16
11-23 | 220 | 31 28 30 26 29 9 16 15 12 20 11 16
11-24 | 160 | 31 23 30 24 29 11 16 8 15 15 20 12 16
11-25 | 140 | 31 23 30 21 29 11 16 13 15 19 21 12 16
11-26 | 140 | 32 26 30 25 29 10 17 15 15 15 21 12 16
11-27 | 190 | 32 31 30 29 29 14 17 11 15 16 21 15 16
11-28 | 260 | 32 28 30 29 29 13 17 16 15 18 22 15 17
11-29 | 270 | 33 32 30 31 29 14 17 15 15 18 22 15 17
RMSE 9.68 4.23 341 4.06 3.16 4.26 2.70
MAPE 0.44 0.13 0.11 0.31 0.23 0.25 0.18
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TABLE VI
Holt’s Two Parameter Exponential Smoothing
2 - WEEK EX POST FORECASTING PERIOD
Day DSNO2 - 2 week DSSO2 - 2 week SO3 - 2 week DSNS2 - 2 week PCU - 2 week DSSICU - 2week | DSSSDU - 2 week

CENS [ FCST | CENS | FCST | CENS | FCST | CENS | FCST | CENS | FCST | CENS [ FCST | CENS | FCST
11-16 | 290 | 28 33 30 31 30 14 15 16 16 19 17 14 15
11-17 | 300 | 28 31 30 31 30 14 16 16 16 20 17 15 15
11-18 | 240 | 28 22 30 27 30 14 16 16 16 15 17 17 15
11-19 22.0 28 24 30 27 30 16 16 14 16 21 17 16 16
11-20 24.0 28 30 30 31 30 11 16 14 16 16 17 15 16
1121 | 280 | 28 32 30 29 31 14 17 15 16 14 17 15 16
1122 | 240 | 28 27 30 24 31 11 17 11 16 16 17 12 16
11-23 22.0 28 28 30 26 31 9 17 8 16 12 17 11 16
11-24 | 160 | 28 23 30 24 31 11 17 8 16 15 17 12 16
11-25 140 | 28 23 30 21 31 11 18 13 16 19 17 12 16
11-26 140 | 28 26 30 25 31 10 18 15 16 15 17 12 16
11-27 190 | 28 31 30 29 31 14 18 11 16 16 17 15 16
11-28 26.0 28 28 30 29 31 13 18 16 16 18 17 15 16
1129 | 270 | 28 32 30 31 31 14 19 15 16 18 17 15 16
RMSE 7.30 4.23 457 5.06 3.76 245 2.66
MAPE 0.32 0.14 0.14 0.39 0.26 0.13 0.17

down Unit (SSDU) deseasonalized data
was used. The prefix ‘DS’ indicates
deseasonalized data. The same process
was repeated using Holt's method. The
results of these forecasts are reported in
tables!Il and 1V.
Next, the same process was repeated

age error (MAPE) were calculated; they
are summarized in tables V11 and V111.

In comparing these measures to deter-
mine the accuracy of smoothing tech-
niques relative to a regression model, the
following conclusions were arrived at for
the 1-week ex post forecasts (table V1I):

using the first 351 periods for estimation
and the last 14 periods for ex post
forecasting. Once again, thetwo
smoothing techniques, Brown's Linear
and Holt’s Two Parameter Linear
Smoothing, were used to generate the ex
post forecast. Asin the case of 7-period
forecasts, the original observed values
were used for 3 South - Oncology and
Neurology (SO3) and PCU - Progressive
Care Unit (PCU), as no seasonal
variations were determined for these two
wards. For dl the other five wards
deseasonalized datawere used. The
results are presented in tables VV and VI.

3. Comparing The Two Approaches

For each type of forecast two error
measures, the root mean squared error
(RMSE) and the mean absol ute percent-

a. Brown’s method versus

regression comparison showed that
regression results are best in all cases
except for the SICU.

b. Holt's method versus regression
comparison showed that regression
results are best, using both the RM SE
and MAPE, in all cases except for the
PCU and SICU.

TABLE VII
Error Measure Comparisons

1- WEEK EX POST FORECASTS - DESEASONALIZED DATA

Regression Brown's Holt's Regression Brown's Holt's

Ward RMSE RMSE RMSE MAPE MAPE MAPE
NO2 5.66 6.92 7.30 0.32 0.37 0.39
SO2 2.67 3.70 3.70 0.09 0.13 0.12
SO3 2.27 411 3.57 0.08 0.13 0.12
NS2 204 224 251 0.15 0.19 0.16
PCU 3.68 412 3.55 0.32 0.33 0.30
SICU 245 224 224 0.14 0.13 0.12
SSDU 1.25 1.85 1.85 0.08 0.15 0.14
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. ________________________________________________________________________________________________________________| C. BrOWn’ sSVversus HOI tv IS methOd
TABLE VIII comparison showed that Holt’' s method,
Error Measure Comparisons as should be expected, does better.
2 - WEEK EX POST FORECASTS - DESEASONALIZED DATA For the 2-week ex post forecasts
Regression Brown's Holt's Regression Brown's Holt's (teble Y' 1), compari sons yielded the
Ward RMSE RMSE RMSE MAPE MAPE MAPE following conclusions:
a.  Brown’'smethod versus
NO2 4.66 9.68 7.30 0.22 0.44 0.32 regression comparison showed that
So2 2.88 4.23 4.23 0.08 0.13 0.14 regression results were best on a
consistent basis.
SO3 241 341 4.57 0.07 0.11 0.14 b. Holt's method versus regression
NS2 2.00 4.06 5.06 0.14 031 0.39 comparison showed that regression
results were best in all cases except for
PCU 2.99 3.16 3.76 0.21 0.23 0.26 the SICU.
sicu 2.92 4.26 2.45 0.15 0.25 0.13 c. Brown’sversus Holt's method
comparison showed that Brown's
SSDU 151 2.70 2.66 0.08 0.18 0.17 method produced slightly better results,
but that there was no real difference
between the two methods.
Inspection of the forecasts generated
via the smoothing techniques and
TABLE - 1X

Brown’sLinear Exponential Smoothing
1- WEEK EX POST FORECASTING PERIOD - SEASONAL VALUES

Day NO2 SO2 NS2 SICU SSDU
CENS | DSFCST | SFCST | CENS | DSFCST | SFCST | CENS | DSFCST | SFCST | CENS | DSFCST | SFCST | CENS | DSFCST | SFCST
11-23| 22.0 25 27 28 29 30 9 13 14 12 16 17 11 14 15
11-24 | 16.0 25 26 23 29 29 11 13 14 15 16 17 12 14 15
11-25| 14.0 24 21 23 29 27 11 13 12 19 16 14 12 14 13
11-26 | 14.0 24 20 26 29 27 10 13 10 15 16 13 12 14 13
11-27 | 19.0 24 23 31 29 30 14 13 13 16 16 16 15 14 14
11-28 | 26.0 24 25 28 29 30 13 13 14 18 16 18 15 14 15
11-29| 27.0 23 27 32 29 30 14 13 14 18 16 18 15 14 15
TABLE - X

Holt’sLinear Exponential Smoothing
1- WEEK EX POST FORECASTING PERIOD - SEASONAL VALUES

Day NO2 SO2 NS2 SICU SSDU
CENS | DSFCST | SFCST | CENS | DSFCST | SFCST | CENS | DSFCST | SFCST | CENS | DSFCST | SFCST | CENS | DSFCST | SFCST
11-23| 22.0 25 28 28 29 30 9 12 12 12 16 17 11 14 14
11-24| 16.0 25 26 23 29 29 11 11 12 15 16 17 12 13 14
11-25| 14.0 25 22 23 29 27 11 11 10 19 16 13 12 13 12
11-26 | 14.0 25 21 26 29 26 10 11 9 15 16 13 12 13 12
11-27| 19.0 25 24 31 29 29 14 11 11 16 16 16 15 13 13
11-28 | 26.0 25 26 28 29 30 13 10 11 18 16 18 15 13 14
11-29| 27.0 25 29 32 29 30 14 10 11 18 16 18 15 13 14
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comparison to actual daily patient census
data revea ed another problem that casts
serious doubt on the results of the
forecasts: in some cases the forecasted
values showed the same identical
number of patients for the entire test
period. For example, for SO2 both
Brown and Holt methods produced a
forecast of 29 patients for each of the
seven day ex post period. Similarly, for
the 2-week ex post period the forecasted
values for SO2 were 30 patients. This
problem was detected also for SO3,
PCU, and SICU. The actual data clearly
does not support the forecasted results.
One possible explanation for this
problem could liein the fact that there is
definite seasonal variation present in the
data for some of the wards, such as SO2.
Therefore, using deseasonalized data for
these wards to generate a forecast may
result in the problem of obtaining the
identical forecast for each day of the test
period. No plausible explanation could
be arrived at for the occurrence of the
problem explained above for wards SO3
and PCU. Autocorrelation analysis
showed no seasonal variations and thus
the original data was used to generate the

smoothing technique forecasts.

To seeif this problem could be
corrected, the forecasts generated from
deseasonalized data for NO2, SO2, NS2,
SICU, and SSDU were converted back
to seasonalized figures by multiplying
each day’s census by that day’ s seasonal
index. The resulting seasonal patients
census forecasts were then used to
recal culate the two error measures. The
results are presented in tables | X through
X1V, where DSFCST values represent
forecasts based on deseasonalized data
and SFCST values represent forecasted
values, which have been converted to
seasonal vaues.

For both Brown’s and Holt's Linear
Exponential Smoothing techniques and
for both the 1 week and 2 week ex post
forecasting periods, the seasonal forecast
values for the five wards (NO2, SO2,
NS2, SICU, and SSDU) showed changes
from the constant value throughout the
period. The forecast accuracy results, as
measured by error measures, were rather
mixed.

Using Brown’s method and a 1-
week ex post forecast period, when
forecasted values were converted back

into seasonal values, the error measures
improved significantly for ward NO2.
For ward SO2 there was adlight im-
provement. The error measurements
deteriorated for wards NS2, SICU, and
SSDU. For a2-week ex post forecast
period, error measures improved
significantly for NO2 and SO2, deterio-
rated some for NS2 and SSDU, and
deteriorated significantly for SICU.

Using Holt’s method and a 1-week
ex post forecast period, conversion of
forecasted values into seasonal values
resulted in asignificant deterioration in
the error measurements for ward NO2, a
dlight deterioration for SICU, and some
improvement for wards SO2, NS2, and
SSDU. For a2-week ex post forecast
period, error measures improved
significantly for NO2 and SO2, deterio-
rated some for NS2 and SSDU, and
deteriorated significantly for SICU.

In none of the cases described
above, where there was an improvement
in the error measures, did these error
measures improve sufficiently to make
the forecast superior to those generated
viatheregression analysis. The closest
error measure was for ward NO2 where

TABLE - Xl

Brown’sLinear Exponential Smoothing

2 - WEEK EX POST FORECASTING PERIOD - SEASONAL VALUES

Day NO2 SO2 NS2 SICU SSDU
CENS | DSFCST | SFCST | CENS | DSFCST | SFCST | CENS | DSFCST | SFCST | CENS | DSFCST | SFCST | CENS | DSFCST | SFCST
11-16 | 29 29 31 33 30 31 14 15 16 19 18 19 14 15 16
11-17 | 30 29 29 31 30 30 14 15 16 20 18 19 15 15 16
11-18 | 24 29 24 22 30 28 14 15 14 15 18 15 17 16 14
11-19 | 22 29 23 24 30 27 16 15 12 21 19 15 16 16 14
11-20 | 24 30 27 30 30 30 11 15 15 16 19 19 15 16 15
11-21 | 28 30 29 32 30 31 14 16 17 14 19 21 15 16 17
11-22 | 24 30 32 27 30 31 11 16 17 16 20 22 12 16 17
11-23 | 22 31 31 28 30 31 9 16 17 12 20 21 11 16 17
11-24 | 16 31 29 23 30 30 11 16 17 15 20 21 12 16 17
11-25| 14 31 24 23 30 28 11 16 15 19 21 17 12 16 15
11-26 | 14 32 23 26 30 27 10 17 13 15 21 17 12 16 14
11-27 | 19 32 27 31 30 30 14 17 17 16 21 21 15 16 16
11-28 | 26 32 29 28 30 31 13 17 18 18 22 24 15 17 17
11-29 | 27 33 32 32 30 31 14 17 19 18 22 24 15 17 18
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TABLE - XII
Holt’sLinear Exponential Smoothing
2 - WEEK EX POST FORECASTING PERIOD - SEASONAL VALUES
Day NO2 S02 NS2 sicu SSoll)
CENS | DSFCST | SFCST | CENS | DSFCST | SFCST | CENS | DSFCST | SFCST | CENS | DSFCST | SFCST | CENS | DSFCST | SFCST
11-16 | 29 28 31 33 30 31 14 15 16 19 17 18 14 15 16
11-17| 30 28 29 31 30 30 14 16 16 20 17 18 15 15 16
11-18 | 24 28 24 22 30 28 14 16 14 15 17 14 17 15 14
11-19 | 22 28 23 24 30 27 16 16 13 21 17 14 16 16 14
11-20 | 24 28 27 30 30 30 11 16 16 16 17 17 15 16 15
11-21| 28 28 29 32 30 31 14 17 18 14 17 19 15 16 16
11-22 | 24 28 32 27 30 31 11 17 19 16 17 19 12 16 17
11-23 | 22 28 31 28 30 31 9 17 18 12 17 18 11 16 17
11-24 | 16 28 229 | 23 30 30 11 17 18 15 17 18 12 16 16
11-25 | 14 28 24 23 30 28 11 18 16 19 17 14 12 16 15
11-26 | 14 28 23 26 30 27 10 18 14 15 17 14 12 16 14
11-27| 19 28 27 31 30 30 14 18 18 16 17 17 15 16 16
11-28 | 26 28 29 28 30 31 13 18 20 18 17 19 15 16 17
11-29 | 27 28 32 32 30 31 14 19 21 18 17 19 15 16 18
the RM SE for the regression forecast Conclusion paribus. In addition to error measure

was 5.66 while the RMSE for Brown's
forecast was 5.69. In all the other cases,
the difference was much more substan-
tia. The Brown 2-week ex post forecast
for ward PCU remained the only forecast
with error measures lower than those of
the regression forecast.

used in this case, oneisled to conclude

In comparing the regression model
and its results to those obtained viathe
smoothing techniques using strictly error
measures, such as the RMSE and MAPE

that the regression modeling of real-
world event still seemsto be amore
powerful tool of forecasting, ceteris

TABLE VIII
Error Measure Comparisons

1- WEEK EX POST FORECASTS - SEASONALIZED DATA

Regression Brown's Holt's Regression Brown's Hoalt's

Ward RMSE RMSE RMSE MAPE MAPE MAPE
NO2 5.66 5.69 6.30 0.32 0.29 0.33
SO2 2.67 3.07 312 0.09 0.10 0.10
SO3 2.27 411 3.57 0.08 0.13 0.12
NS2 204 2.30 2.20 0.15 0.15 0.17
PCU 3.68 412 3.55 0.32 0.33 0.30
SICU 245 2.88 3.14 0.14 0.14 0.14
SSDU 1.25 2.00 1.65 0.08 0.12 0.10

comparisons, a careful inspection of the
forecast results presented above yields
the following conclusion: even in cases
where the error measures are fairly close,
or even lower for the smoothing tech-
niques, the forecast casts some doubt on
the ability of the method to accurately
predict. Conversion of forecast values
based on deseasonalized data to seasonal
valuesresultsin variationsin the
forecasted values, but often at the
expense of forecast accuracy, as mea-
sured by error measures RM SE and
MAPE.

Thus, recognizing that one study is
not sufficient to generalize conclusions,
this author believes one can still argue
strongly in favor of regression models as
amethod of forecasting.
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