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Abstract

Traditional methods have long been used for clinical demand forecasting. Machine learning methods represent the next evolution
in forecasting, but model choice and optimization remain challenging for achieving optimal results. To determine the best method
to predict demand for outpatient appointments comparing machine learning and traditional methods, this retrospective study
analyzed “appointment requests” at a major outpatient department in a destination medical center. Two separate locations (A and
B) were assessed with 20 traditional, hybrid (traditional + machine learning) and machine learning methods to determine the best
forecasting outcome (lowest Forecast Standard Error, FSE). Data characteristics from both datasets were examined. 20 forecast-
ing models were then assessed and compared for the best result. Location A’s data displayed a cyclical and non-trending pattern
while Location B’s displayed a cyclical and trending pattern. Both Location A and B yielded the feature engineered XGBoost
model (machine learning) with the lowest out-of-sample FSE. It is important to carefully analyze and understand the underlying
data set pattern and then test a variety of traditional, machine learning, and hybrid prediction methods to achieve optimal
predictive results. Additionally, the use of feature engineering or hybrid methods can augment the usefulness of machine learning

methods.
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Background and significance

A full literature search was performed and the context of all
resources was used in the research article below [1-29].

The ability to accurately forecast patient appointments at
any medical center is crucial in several ways [1]. First, it
improves financial health by allowing the organization to plan
the appropriate resources in terms of providers and patient
slots, avoiding over or under capacity costs [1]. Secondly, it
improves patient satisfaction by creating an adaptable sched-
uling system that avoids long patient delays to be scheduled
for an appointment and makes sure that all the necessary
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resources are available for an optimum patient experience
during that appointment. The goal is the right patient with
the right provider at the right time with the right resources.
Success means matching the supply of providers and other
resources (medical device, procedure room, etc.) with patient
demand. Failure means inefficient use of those resources or
the inability to service patient demand in a satisfactory time
period. Particularly in practices where fixed cost capital in-
vestment is high, a more accurate expectation of patient de-
mand can help to justify the purchase and facilitate efficient
use of advanced equipment, benefiting both the organization
and the patients.

The underlying datasets used for forecasting are complex
and different for every department in a medical center,
exhibiting various trending and cyclical behaviors as well
as noise. Forecasting also has to account for both external
and internal referral demand which can cause a different
cascade of events depending on the initial referral outcome,
often outside the initial department. Therefore, accurate fore-
casting methods need to be adaptable to a variety of demand
series patterns and a method that finds the signal in multiple
structures is essential.
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Table 1 Model Descriptions [2]
Model Approach Method
Autoregressive Uses the dependent relationship between an observation and some Traditional
number of lagged observations.
Box-Cox Transformed Arima Arima method with power transforms, including, but not limited to, Traditional
log, square root, and reciprocal transforms of the data.
Convolution-Long Short Term Memory A combination of CNNs and LSTMs where the LSTM units read Machine
Neural Network (LSTM) input data using the convolutional process of a CNN. Learning
Convolutional Neural Network (CNN) Type of neural network developed for two- dimensional image data, although they Machine
can be used for one-dimensional data such as sequences of text and time series. Learning
Ensemble Combination of XGBoost and linear regression methods. Hybrid
Grid Search Arima Combines the use of autoregressive and moving average methods and the Traditional
use of differencing of raw observations
Grid Search CNN CNN network with a grid of inputs. Machine
Learning
Grid Search LSTM LSTM network with a grid of inputs. Machine
Learning
Grid Search MLP Neural Network MLP network with a grid of inputs. Machine
Learning
Grid Search Naive and Average Forecast ~ Using the previous observation and averaging prior values. Traditional
Grid Search Sarima Arima method for modeling univariate time series data that may contain Traditional
trend and seasonal components.
Grid Search Triple Exponential An extension of Exponential Smoothing that explicitly adds support for seasonality Traditional

Smoothing Model (ETS)
K-nearest Neighbor

Estimates how likely a data point is to be a member of one group or the other depending on Traditional

what group the data points nearest to it are in. Classifies new cases based on a similarity
measure (e.g., distance functions)

Linear Regression Output value based on a linear combination of input values. Traditional

LSTM Neural Network Type of recurrent neural network capable of learning order dependence in sequence Machine
prediction problems. Has an internal memory allowing it to accumulate internal state. Learning

MLP neural network Feedforward artificial neural network that generates a set of outputs from a set of inputs. ~ Machine
An MLP is characterized by several layers of input nodes connected as a directed Learning
graph between the input and output layers.

Moving Average Uses the dependency between an observation and residual errors from a Traditional
moving average model applied to lag observations.

Naive Model Using the previous observation directly as the forecast without any change. Traditional

Residual Error Modeling the difference between what was expected and what was Traditional
predicted is called the residual error

XGBoost Provides a parallel tree boosting (also known as GBDT, GBM) to a Machine
gradient boosting method. Learning

Depending on the structure of the underlying series, an
approach that handles both the trends and the cyclical influ-
ences will understand the temporal structure well enough to
achieve consistently parsimonious results.

Machine learning methods may offer a lot of promise
for time series forecasting, specifically the automatic
learning of temporal dependence and the automatic han-
dling of temporal structures like trends [2]. Unfortunately,
machine learning methods are often developed for univar-
iate time series forecasting problems and often perform
worse than classical and even naive forecasting methods
leading to their general dismissal as being unsuitable for
time series forecasting in general. Nevertheless, deep
learning methods can be effective at more complex time
series forecasting problems that involve large amounts of
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data, multiple variates with complex relationships, and
even multi-step and time series classification tasks.

Objectives

The primary aim of this study is to compare various machine
learning and traditional methods to determine the best method
to predict demand for outpatient appointments. The forecast-
ing system designed and tested in this study is intended to find
the balance in trending and cyclical influences. Preparation
techniques intended to train the underlying structure will aim
to reduce the noisy input into the methods. Ultimately, the
intent is to reduce bias and variance in the validated forecasts
to achieve the lowest Forecast Standard Error (FSE).
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Methods

This retrospective study analyzed “appointment requests” at a
major outpatient department in a destination medical center at
two different locations (A and B). A naive persistence model
was employed to establish a baseline solution. 19 additional
time series continuous variable predictions solutions were ob-
tained by training various models using machine learning,
traditional, and hybrid methods (Table 1).

Since machine learning models cannot understand tempo-
ral data, explicit time-based feature engineering is applied to
predict time series and use its pattern learning capabilities to
enhance time series predictions. The approach is to choose the
best methods that predict important components of a time
series, or a combination of the best methods.

This was particularly useful in the tree-based methods like
XGBoost (machine learning) which is a space splitting algo-
rithm. Feature engineering is used to transform the inputs of
the raw time series into predictable components and the inputs
are formulated as a supervised regression to build its predica-
tions. The new features combined with use of stationary data
demonstrated that a method typically used for event predic-
tions can be used effectively for time series predictions. The
additional predictors used are: [3].

* Day of the month

* Day of the week

* Ordinal date (Number of days start of training series)
* Hour of the day

Furthermore, since this space splitting approach is known
to work well for series that exhibit cyclical patterns but does
not capture trending with the same effectiveness, an ensemble
model (hybrid) is created by combining the XGBoost model
(machine learning) and a linear regression model (traditional)
that is often useful for trending structures [2]. Should a time
series exhibit both trending and cyclical behavior, it is postu-
lated that this hybrid method would produce the right balance
of bias and variance reduction [2].

Data collection and population characteristics

For location A, 39,205 appointment requests were extracted
from that department between August 2016 and August 2018.
For location B, 4,538 appointment requests were extracted for
that department between September 2016 and September
2017.

For both locations, data was grouped into weekly cycles.
Weekly cycles were chosen because they represent the pat-
terns associated with a destination medical center where con-
sultation, testing, diagnosis and follow-up visits are often oc-
curring within one week.

The data obtained was initially examined to determine
the data pattern. The raw time series for both locations is
plotted as Fig. 1. Location A data displayed a cyclical
pattern. Location B data displayed a trending and cyclical
pattern.

Time series decomposition was then performed (Fig. 2). A
decomposition of the Location A series shows no trending or
seasonality, but demonstrates cyclical behavior. The absence
of these structural components demonstrated the existence of
noise in the time series that could worsen the performance of
the forecasts.

A decomposition of the Location B series shows
trending and cyclical behavior. The inclusion of these
structural components could aide in the performance of
the forecasts.

Understanding if this time series is white noise, exhibits
random walk, or any nonlinear stochastic characteristics, is
important to understanding any model’s ability to forecast. A
time series which is white noise will exhibit no temporal de-
pendence structure that is learnable by the methods available.
The time series is not white noise if any of the following
conditions are true: [2].

* The series has a non-zero mean
e The variance changes over time
e Values correlate with lag values

Location A and B both demonstrate a non-zero mean indi-
cating neither time series is white noise (Fig. 3). A white noise
time series would shows a zero mean and standard deviation
of 1.

An augmented Dickey-Fuller (ADF) Test was performed
on both data sets (Fig. 3). ADF tests the null hypothesis that a
unit root is present in a time series sample, and if so, the series
is non-stationary. The location A and B training series show
temporal dependence and are not stationary. This indicates
that the process generating the series needs to be transformed
prior to creating predictions.

In addition, the process generating the location B series
demonstrates a stochastic or deterministic nonlinear trend
and has potential structure which must be transformed before
it can be learned when applying traditional approaches.
Figure 4 shows two transformations on Location A and B data
to account for the non-stationary and stochastic non-linear
characteristics and the trending components. The decomposed
time series continues to demonstrate no seasonal
characteristics.

Both Location A and B’s training series auto-correlation
plots (Fig. 5) show values correlating with lagged values and
there are spikes above the 95% confidence level. For Location
A and Location B the decay is not linear indicating that the
series is not a random walk and exhibits possible stochastic
nonlinear behavior.
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Fig. 1 Raw Time Series (Location A and Location B)

Data processing

After grouping the data into weekly cycles, a split of the data
was needed to allow training to happen on a subset of the data.
Data were then partitioned into training, validation, and hold-
out sets, maintaining temporal sequence order. The resulting
model was applied to the holdout, or out of sample, dataset to
judge the effectiveness of the method (Fig. 6). This rolling
window approach creates a validated method that contains
the most recent information for learning signals and achieving
highest accuracy on n-period ahead forecasts.

Model fitting and evaluation

A baseline to compare against was initially established.
The persistence, or naive, modeling approach simply
takes the previous value in the series and uses that as
the new forecast. The results are often not optimal, but

establish a benchmark to improve upon. Figure 7 shows
the output of the persistence model.

Model performance

With this baseline established, 19 models using various ma-
chine learning, traditional, and hybrid methods were tested
against the same evaluation metric, Forecast Standard Error
(FSE). This metric written in two ways is found in Egs. 1 and
2 [4].
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Fig. 2 Time Series Decomposition (Location A and Location B)
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count  79.820000
mean  377.316456
std 58.566672
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25% 363,000000
se% 385.000000
75% 498.500000
max 474 ,000000

demand
count  40.02e0ee
mean 61.200000
std 30.443895

min 33.0020000Q
25% 40.000000
50% 46.000000
75% 75.500000
max 142 .000000

ADF Statistic: -2.796361
p-value: ©.858795
Critical values:

1%: -3.525
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***series is not stationary -- is time dependent***
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Fig. 7 Persistence (naive) model (Location A and Location B)

Results

Location A demonstrates a cyclic, non-trending data pattern.
For Location A’s 39,205 patient appointment requests,
models yielded a wide spectrum of results (Table 2). The
naive forecast model produced an out of sample FSE of

68.38 for a 13 week forecast horizon. The XGBoost model
(machine learning) with feature engineering (additional
dataset specific predictors) achieved a 94% improvement
with an out of sample forecast FSE of 4.18 (vs. FSE of
5.31 without additional predictors). The ensemble model
(hybrid) with feature engineering (additional predictors)

Table 2 Location A Model
Performance Comparison

Model Method OUT OF SAMPLE
FORECAST SE (FSE)
XGBoost (with additional predictors) Machine Learning 4.18
XGBoost (without additional predictors) Machine Learning 5.31
Ensemble (with additional predictors) Hybrid 18.58
Ensemble (without additional predictors) Hybrid 19.96
Linear Regression Traditional 36.32
Grid Search CNN Machine Learning 36.90
Grid Search LSTM Machine Learning 47.78
Box-Cox Transformed Arima Traditional 59.73
Grid Search Arima Traditional 64.15
Grid Search Sarima Traditional 65.23
Grid Search Naive and Average Forecast Traditional 66.16
Grid Search Triple Exponential Smoothing Model (ETS) Traditional 66.95
Naive Model Traditional 68.38
Moving Average Traditional 76.67
Convolutional Neural Network (CNN) Machine Learning 88.43
Autoregressive Traditional 90.36
MLP Neural Network Machine Learning 93.49
Grid Search MLP Neural Network Machine Learning 94.51
Residual Error Traditional 106.38
Convolution-LSTM Neural Network Machine Learning 128.93
K-nearest Neighbor Traditional 150.08
LSTM Neural Network Machine Learning 192.88
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Table 3 Location B Model

Performance Comparison Model

Method OUT OF SAMPLE

FORECAST SE (FSE)

XGBoost (with additional predictors)
Ensemble (with additional predictors)

Linear Regression
Autoregressive

Ensemble (without additional predictors)

Residual Error
Grid Search Arima
Naive Model

XGBoost (without additional predictors)

Box-Cox Transformed Arima
Grid Search CNN

Moving Average

K-nearest neighbor

Grid Search Sarima

Grid Search Naive and Average Forecast
Grid Search Triple Exponential Smoothing Model (ETS)

Grid Search LSTM

Convolutional Neural Network (CNN)

MLP Neural Network
Grid Search MLP Neural Network

Convolution-LSTM Neural Network

LSTM Neural Network

Machine Learning 745
Hybrid 15.36
Traditional 16.71
Traditional 19.65
Hybrid 19.77
Traditional 22.36
Traditional 23.00
Traditional 24.46
Machine Learning 26.99
Traditional 29.33
Machine Learning 32.30
Traditional 44.37
Machine Learning 62.90
Traditional 63.92
Traditional 66.16
Traditional 66.95
Machine Learning 72.68
Machine Learning 85.37
Machine Learning 92.95
Machine Learning 94.95
Machine Learning 121.17
Machine Learning 190.37

followed as a second-place finisher with an FSE of 18.58
(vs. FSE of 19.96 without additional predictors), which was
a 73% improvement.

Location B demonstrates a trending and cyclical data pat-
tern. The series was not white noise. For Location B’s 4,538
patient appointment requests, models yielded a narrower spec-
trum of results (Table 3). The naive forecast model produced
an out of sample FSE of 24.46 for a 13-week forecast horizon.
The XGBoost model with feature engineering (additional
dataset specific predictors) achieved a 70% improvement with
an out of sample forecast FSE of 7.45 (vs. FSE of 26.99
without additional predictors). The Ensemble model with fea-
ture engineering (additional predictors) achieved a 37% im-
provement with an out of sample forecast FSE of 15.36 (vs.
FSE of 19.77 without additional predictors).

Discussion

Machine learning approaches are often thought of as the next
evolution in data science. However, when comparing 20 ma-
chine learning, hybrid, and traditional models on these two
substantially different datasets, it was determined that ad-
vanced machine learning approaches alone did not always
deliver the highest levels of accuracy. In Location A with
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cyclical non-trending data, of the top half of performing
models, only 36% involved pure machine learning, but the
optimum model was indisputably a machine learning method.
In Location B with trending and cyclical data, of the top half
of performing models, only 27% involved pure machine
learning and although the results were more tightly clustered,
the computationally intensive and complicated methods of
machine learning often failed to outperform a simpler tradi-
tional method.

The differences in results between locations A and B high-
light the importance of careful data set analysis prior to choos-
ing a forecasting model. For instance, traditional methods can
outperform machine learning with linear data structures
whereas innovative feature engineering can markedly im-
prove a machine learning method’s ability to locate the right
predictors for generating enhanced results.

XGBoost (machine learning) is a powerful highly scal-
able algorithm, which drives fast learning through parallel
and distributed computing and offers efficient memory us-
age. In contrast to bagging techniques like Random Forest,
in which trees are grown to their maximum extent,
boosting makes use of trees with fewer splits. The smaller
trees produced by XGBoost (machine learning) are not
very deep and therefore highly interpretable. XGBoost
benefits from feature engineering to transform the inputs
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of the raw time series into predictable components. Even
without application of feature engineering with additional
dataset specific predictors, XGBoost works well on series
that exhibit cyclical patterns (Location A), but as expected
performs less optimally on a more complex cyclical and
trending dataset (Location B) where it underperformed the
naive method. Feature engineering with the inclusion of
additional predictors selected based on the dataset (in this
case: Day of the month, Day of the week, Ordinal date, and
Hour of the day) significantly enhances the forecasting
value of the model, particularly on Location B’s more com-
plex dataset, transforming it into the best performing
algorithm.

Ultimately to provide a consistently good solution across
multiple datasets, without the need for additional dataset spe-
cific predictors, great promise lay in the use of hybrid methods
which combine the strengths a traditional method with a ma-
chine learning method. The ensemble model used in this study
combines a machine learning method (XGBoost) which is
good at cyclical behavior with a traditional method (linear
regression) that handles trending well. The results of this hy-
brid method on both Location A and B’s datasets, without
additional dataset specific predictors, were consistent clus-
tered near the best performers and demonstrated even further
improvement after adding feature engineering with additional
predictors to the machine learning component, indicating the
usefulness and flexibility of hybrid methods in a variety of
datasets with different characteristics.

Conclusion

In order to obtain the most accurate forecasting and optimal
solution, data characteristics should be first examined. Various
traditional, hybrid, and machine learning methods should be
tested and compared for the best result. Use of intelligent
feature engineering with machine learning methods should
be considered as it can dramatically improve results. Finally,
hybrid methods perform well on many different types of
datasets by utilizing the strengths of both traditional and ma-
chine learning methods.
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