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Abstract

Background: Platelets are a valuable and perishable blood product. Managing platelet inventory is a demanding task because
of short shelf livesand high variation in daily platelet use patterns. Predicting platel et demand isapromising step toward avoiding
obsolescence and shortages and ensuring optimal care.

Objective: The aim of this study is to forecast platelet demand for a given hospital using both a statistical model and a deep
neural network. In addition, we aim to cal culate the possible reduction in waste and shortage of platelets using said predictions
in aretrospective simulation of the platelet inventory.

Methods: Predictions of daily platelet demand were made by aleast absol ute shrinkage and selection operator (LA SSO) model
and a recurrent neural network (RNN) with long short-term memory (LSTM). Both models used the same set of 81 clinical
features. Predictions were passed to a simulation of the blood inventory to cal culate the possibl e reduction in waste and shortage
as compared with historical data.

Results: From January 1, 2008, to December 31, 2018, the waste and shortage rates for platelets were 10.1% and 6.5%,
respectively. In simulations of platelet inventory, waste could be lowered to 4.9% with the L ASSO and 5% with the RNN, whereas
shortages were 2.1% and 1.7% with the LASSO and RNN, respectively. Daily predictions of platelet demand for the next 2 days
had mean absol ute percent errors of 25.5% (95% Cl 24.6%-26.6%) with the LASSO and 26.3% (95% Cl 25.3%-27.4%) with the
LSTM (P=.01). Predictions for the next 4 days had mean absolute percent errors of 18.1% (95% Cl 17.6%-18.6%) with the
LASSO and 19.2% (95% Cl 18.6%-19.8%) with the LSTM (P<.001).

Conclusions: Both models alow for predictions of platelet demand with similar and sufficient accuracy to significantly reduce
waste and shortage in aretrospective simulation study. The possible improvementsin platelet inventory management are roughly
equivalent to US $250,000 per year.

(JMIR Med Inform 2022;10(2):€29978) doi: 10.2196/29978
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Introduction

Background

For blood centers, it is key to keep a balance between shortage
and outdating of blood products to secure both cost efficiency
and sufficient care for patients. This is especialy true for
short-lived blood products such as platel ets. Forecasting demand
has recently gained fresh attention as a way to address the
problem, and the rise of big data and artificial intelligence in
recent decades suggests new opportunitiesin thistask [1,2].

Platel et transfusion is an indispensable part of modern medicine
[3]. Itisused prophylactically to reduce the risk of bleeding or
therapeutically to manage active bleeding [3]. Most platelets
are transfused to hematology and oncology patients, followed
by patients undergoing severe surgical treatment [3-5]. In recent
decades, arisein platelet demand has been reported repeatedly
[3,6-8].

As with other blood products, platelets need to be readily
available at all times as demand might occur on short notice
without obvious foreboding and timely transfusion is often
critical [5]. Therefore, most blood centers try to store ample
amounts of platelets and other blood products. However, the
supply is limited by the number of donations.

Keeping sufficient stock is especialy difficult with platelets
because of their short shelf life of 5-7 days, including time for
preparation and quality control [9]. A large stock may lead to
large amounts of wastage because of outdating, whereas a
dender stock increases the risk of shortages [10,11]. Platelet
outdating rates are the highest of all blood products and are
typically reported at 10% to 20% [6,11].

Inarecent systematic review, Flint et a [11] provided adetailed
overview of existing methods to reduce platelet outdating, one
of which was forecasting platelet demand. By forecasting
demand, production can be adjusted accordingly to reduce both
outdating and shortage. It has been stated that prediction and
modeling will have increasingly important roles in managing
blood inventory [12]. However, to this day, there are very few
scientifically published approaches to forecasting platelet
demand [11].

Several authors haveinvestigated different univariatetime series
models to predict platelet demand, including moving averages,
weighted moving averages, exponential smoothing, Winters
models, and autoregressive moving averages (ARIMA)
[10,13-15]. Fanoodi et al [14] reported improved prediction
when using univariate time series modeling by means of an
artificial neural network (ANN) compared with an ARIMA
model.

More recent studies have included additional clinical data as
predictors in multivariate models [1,2,16]. Khaldi et a [16]
predicted the monthly demand of platelets, red blood cells, and
plasma by means of a multivariate ANN with a total of 10
features, including census data, number of traffic accidents per
day, and clinical events such as hemorrhage and deliveries at
risk. They reported better prediction accuracy for the ANN
compared with aunivariate ARIMA model.
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Guan et al [1] presented the first big data approach to predict
platelet demand for the next 3 days and minimize wastage at
the Stanford Blood Centre. The authors used 43 features,
including hospital census data, complete blood count,
day-of-the-week status, and average daily transfusions over the
previous 7 days to predict platelet demand [1]. They included
the predictions in a linear optimization problem similar to the
least absolute shrinkage and selection operator (LA SSO) method
that also accounted for the structure of the platelet inventory
and testing procedure at Stanford Blood Centre to directly
minimize wastage [1]. Comparing their findings with
retrospective data over 29 consecutive months, Guan et a [1]
found that the introduction of such amodel in their institution
could lower outdating from 10.3% to 3.2% with no shortages.

During the course of this study, Motamedi et a [2] published
astudy comparing multiple univariate and multivariate models
to predict daily platelet demand at Canadian Blood Services:
ARIMA, Prophet, LASSO, and a long short-term memory
(LSTM) network. They compared the models in terms of
prediction errors measured by root mean squared error (RM SE)
and mean absol ute percent error (MAPE) with 2 and 8 years of
training data. The multivariate models (LASSO and LSTM)
consistently outperformed univariate time series (ARIMA and
Prophet), especially on the shorter training sets. The LASSO
performed best, with the LSTM being marginally worse. For
the multivariate models, the authors included hospital census
data, complete blood count, day-of-the-week status, average
transfusions over the previous 7 days, and number of
transfusions on the previous day as possible predictors. The
features for both the LASSO and the LSTM were selected by
the LASSO.

According to the current state of the art, LASSO and LSTM
networks seem to be very promising models for the prediction
of platelet demand. However, the accuracy of any prediction
model may vary between different sites because of the amount
and quality of the available data. Furthermore, it isunclear how
accurate a prediction needs to be to enable an actual reduction
in waste and shortage. This may aso vary between sites
supposedly because of differences in their respective blood
inventories, such as shelf life of platelets, average daily
transfusion volume, production and quality control practices,
or availability of donations.

Objective

Therefore, the aims of this study are 2-fold: the first aim is to
predict daily platelet demand at the RWTH Aachen University
Hospital (UKA) using both a LASSO and an LSTM network.
The second aim is to design a simulation model of the blood
inventory at UKA, establish an ordering strategy based on the
predictions, and quantify possible reductions in waste and
shortage rates as compared with retrospective data. To the best
of our knowledge, this is the first study to compare these 2
models in terms of both prediction accuracy and possible
reduction in waste and shortage rates based on prediction-driven
simulations.
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Methods

General Approach

According to the aims of this study, our approach was 2-fold
(Figure 1). First, we used retrospective data from the UKA
electronic health record (EHR) to build 2 separate prediction
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modelsfor platelet demand: aL ASSO mode and adeep learning
recurrent neural network (RNN) with an LSTM layer. Second,
we designed a simulation model of our blood bank inventory.
Combining both parts, forecasts of platel et demand were passed
to the blood bank inventory to prematurely adjust platelet
production and calculate the resulting expiration and shortage
ratesin aretrospective simulation study.

Figure 1. General approach: input data are fed to 2 separate prediction models—Ileast absolute shrinkage and selection operator and recurrent neural
network. Predictions of platelet demand are passed to a simulation model of the blood bank inventory. Possible reductions in waste and shortage rates
are calculated in comparison with retrospective data. BBI: blood bank inventory; LASSO: least absol ute shrinkage and sel ection operator; RNN: recurrent

neural network.

Input data

LASSO

RNN

BBI <€

v

Retrospective
simulation data

Data Acquisition

All datawere sourced from the UKA EHR. No personal patient
data were used. The local ethics committee approved the data
acquisition and analysis (code EK 282/19). For the period from
January 1, 2008, to December 31, 2018, we obtained data in
three categories: (1) platelet ingoings and outgoings asrecorded
by the transfusion department; (2) census data for all wards,
outpatient clinics, and operation rooms; and (3) complete blood
count.

Data Cleaning and Preparation

Data were obtained as a daily time series and aggregated in a
single database. Platel et ingoings and outgoings were grouped
by source (in-house production and purchase) and disposition
(use, waste, sales, and quality control) and documented as
platel et units per day. Census datawere documented as patients
per day grouped by inpatient clinics, outpatient clinics, surgeries,
and planned surgeries for the next day and subgrouped by
department. Compl ete blood count data other than platel et count
were documented as the number of measurements out of the

https://medinform.jmir.org/2022/2/€29978
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norm per day. Platelet count was recorded as the number of
measurements per day within specific intervals with regard to
platelet transfusion guidelines: <5/nL, 5-10/nL, 10-20/nL,
20-50/nL, 50-70/nL, 70-100/nL, and 100-150/nL [17-20].

Within the UKA EHR, zeroes (eg, no platelets transfused on a
given day) are not documented and are represented as missing
values. Therefore, we used zeroesto represent the missing values
rather than applying imputation. The only exception is census
data, where a missing value might indicate that the given
department did not exist at that point. Therefore, all departments
that did not continually exist throughout the examined 10-year
period were excluded. All census datawith <400 nonzero values
were excluded as it was assumed that these time series did not
contain significant information. During theinitial inspection of
the data, we found that a considerable amount of platelet traffic
data was mislabeled in terms of disposition. Over the years,
changing collaborations with other clinics and local practices
as well as a change in the inventory software have resulted in
inconsistent data labeling. A particular problem here was the
units that were given to partner clinics but labeled as used
in-house rather than sold. Therefore, all platel et traffic datawere
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systematically verified for correct labeling. Mislabeled data
were corrected if possible and excluded otherwise. Less than
1% (305/46,205, 0.66%) of the total transfusion records were
excluded because of thisproblem. The entire dataset is provided
in Multimedia Appendix 1.

Included Predictors
All features from the census and complete blood count data

with a correlation of r?=0.2 to platelet use were included as
predictorsin the prediction models. Previous studies have shown
that platel et transfusion shows astrong pattern of autocorrelation
and is dependent on the day of the week [1,10,13]. Therefore,
the average number of transfusions per day over the previous
7 days and the day-of-the-week dummy variables were added
tothemodels. Thus, atotal of 81 possiblefeatureswereincluded
for prediction.

Blood Bank Inventory M odel

The UKA transfusion department collectsand prepares platelets
by apheresis. Registered donors have regular appointments or
are caled in individually for donation. The entire production
chain, including donor activation, platelet preparation, and
quality control, takes 2 days (1 day for donor activation and 1
day for preparation and quality control). Donorsareonly called
on Monday through Friday. Therefore, no fresh platelets arrive
on Sundays or Mondays. After quality control, platelets have a
remaining shelf life of 4 days. In case of dender stock, additional
platelets are purchased from other hospitals or local providers
such asthelocal section of the German Red Cross Society. Such
an emergency purchaseisavailable approximately 2 hours after
order. In rare cases, UKA sells platelets to other clinics with a
short supply if stock is high. However, as sales occur both very
rarely and irregularly, they were not included in the model.

For retrospective ssimulations of the blood bank inventory,
production orders, purchases, discards, and stock are calculated
a the end of each day of the observation period using an
iterative approach. The stepwise calculation model described
below was recalculated for each day of the time series.

Asno fresh platelets arrive on Sundays and Mondays, different
ordering strategies and prediction intervals for demand are
required for different days of the week. Platelets ordered on day
i between Sunday and Wednesday will arrive on day i + 2.
Therefore, these orders need to countervail al platel et outgoings
onday i+ 1andi + 2. Orders made on Thursdays aso arrive
after 2 days but need to account for the demand of the next 4
days as no orders can be made on Fridays and Saturdays.
Considering current stock as well as preceding orders, we
established the ordering strategy given in Equation 1, where o
is the number of platelets ordered on day i, a is the parameter
target value for platelet stock at end of day, s is the current
platelet stock at the end of day i, p,(2) is the predicted demand
fordaysi + 1andi + 2, p(4) is the predicted demand for the
next 4 days, and o,_; is the number of units ordered on day i —
1 asthesewill arriveon day i + 1. d, (i) represents the weekday
status of day i, with values starting from 0 for Sundays to 6
representing Saturdays.

https://medinform.jmir.org/2022/2/€29978
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a—=si+pi(2)— 0i4 ;dw(D) = [0...3] (Sun — Wed)
0 = {‘1 —si+pi(4) — 04 ;d, (D) = 4 (Thu) (1)
0 idy(D) = [5,6]  (Fri, Sat)

We established the stepwise cal culation model shown in Figure
2 to calculate s as well as other inventory veriables. Here, r, ;
represents the remaining units that will be discarded at the end
of day i + x, x being the remaining shelf life, with valuesranging
from O to 3 (0 indicating that these units are discarded at the
end of that sameday). u; isthe number of plateletsactually used
on day i, w; is the number of platelets wasted on day i, and by
is the number of units purchased from other providers on day
i. 3 andy are parametersto control for emergency purchases—a
purchase is made if stock falls to or below 3 and, in this case,
yisthe target value for stock after emergency purchase. t1, t2,
t3, and t4 are temporary variables for convenient display. We
assume that the oldest platelet units are always the first to be
used. The following defaults (indicated as such by the notion
init) are set each day before moving through the calculation:

init .

To, i "= T, i1 (2)
rfliit =T 01 (3)
ré:nilt =T34 (4)
3= 0y (5)
b =0 (6)
winit =0 (7)

After moving through the stepwise calculation, s is calculated
to

§=Try*Iai+ g, (8)
a, B, and y are chosen by minimizing thetotal cost ¢ as defined
by Equation 9 using an exhaustive grid search with arange from
0 to 30 and steps of 1.

c=cp * Y ow; + 2b; withcp :=US$350 (9)

We arrived at this definition because the cost for asingle platel et
unit is approximately US $350 when produced localy and
planned in advance. Buying platelets in an emergency is more
expensive. The actual price varieswidely depending on several
factors, such as the total amount bought and costs for
transportation. On average, the price of a platelet unit bought
in an emergency is amost double compared with preplanned
production. The weight in Equation 9 was rounded up to also
punish the possibledelay in transfusion because of transportation
time. Note that the blood bank inventory allowsfor temporarily
negative values for stock when moving through the stepwise
calculation process given in Figure 2 (t1, t2, t3, and t4).
Therefore, values of 0 for B and y are possible. In this case,
emergency purchase is only initiated when demand exceeds
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stock (3=0), and just enough units are bought to satisfy demand,
ending that day with empty stock (y=0). It is assumed that
emergency purchases will always succeed and, therefore, it is
simply a matter of buying as many units as required in
circumstances where there is no platelet stock. Consider the
following example for B=y=0: stock is 2, and there is an

Schilling et al

unexpected need for 4 platelet units (t4=-2). Emergency
purchase is initiated because t4<f3, and 2 units are bought
because by = —t4 + y= 2 + 0. The 2 units from stock and the 2
units from emergency purchase are transfused, and the stock
after purchaseis 0 (y=0).

Figure 2. Blood bank inventory stepwise calculation model. For each day of the time series, initial values are set according to Equations 2-7. This
stepwise calculation is then carried out and, finally, total stock at end of day is calculated according to Equation 8.

=0

init _

Level 0: r, stock (discarded at end of day) is larger than demand.
Some units are wasted at end of day.

Level 1: r, stock is insufficient. r, stock
is also used. No units are wasted.

Level 2: r, and r, stock is insufficient. r, stock
is also used. No units are wasted.

Level 3: r,, r,, and 1, stock is insufficient. r; stock is also used. No
units are wasted.

Level 4: r,-r, stock is insufficient. Emergency purchase is initiated

and no units are wasted.

by = T, u; Pwp =t
<0
— =0
<0
=0
— 1 = U3
<0
¥ > B
"y = by
<p
A\
T, =T, =0
b£=_t4+y

3,0 =Y

Prediction Model Setup and Validation Strategy

Standard supervised learning was used to predict platelet
demand for the next 2 and 4 days. Predictions were made using
rolling-origin-recalibration eval uation as described by Bergmeir
and Benitez [21]. First, the modelswere trained on the first 500
days of the time series. Predictions were made for days 501 to
528. The models were then retrained on the first 528 days, and
the next predictions were made for the following 28 days. Both
models were retrained in this fashion every 28 days, including
recalibration of al hyperparameters. To this end, we aso
followed the recommendations of Bergmeir and Benitez [21]
using 5-fold blocked cross-validation and the augmented
Dickey—Fuller unit root test with a trend-corrected regression
to check for stationarity in the presence of atrend over time.
The interval of 28 days was chosen to account for the weekly
seasonality in the data while controlling for the computational
expense of repeated retraining [1,10,13]. Mean squared error
(MSE) was used as aloss function for the cross-validation. We
used the Python 3 languagelibrary scikit-learn (Python Software
Foundation) to implement this validation strategy [22].

The accuracy of the predictions was measured with RM SE, the
Pearson correlation coefficient of the predicted and true values
(r?), and MAPE and expressed as mean and 95% Cls. Clswere
calculated using bootstrapping [23]. P valuesfor the differences
in RM SE and MAPE between the models were obtained from

https://medinform.jmir.org/2022/2/€29978

the corresponding Cl as described by Altman et al [24]. P<.05
was defined as statistically significant.

Statistical M odel

The first model was a LASSO as described by Tibshirani [25].
The LASSO isashrinkage model for multiplelinear regression.
Regression coefficientsare cal culated by minimizing theresidual
sum of squares with asparsity penalty given by the L1 norm of
the coefficient vector multiplied by a tuning parameter. Owing
to the form of the constraint, all coefficientsare shrunken toward
0, and some become exactly 0. In this way, the LASSO trades
off variance for bias while also performing variable selection
and producing interpretable models [25]. As described above,
the tuning parameter was chosen via 5-fold blocked
cross-validation with MSE as the loss function. We used the
Python 3 language library scikit-learn to implement this model
[22].

Deep Learning M odel

The second prediction model wasan RNN. We used asequential
model from the TensorFlow (Google Brain Team) library
(Figure 3) [26]. The first layer was an LSTM as described by
Hochreiter and Schmidhuber [27]. An L1-L2 regularizer was
combined with a dropout rate to reduce overfitting. The LSTM
output was passed to a flatten layer. We treated the prediction
of platelet demand as aregression problem and, therefore, used
adense layer with alinear activation function. The dense layer
consisted of a single neuron. In preliminary tests on the data,
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the dropout rate, L1-1 2 regularization, batch size, activation
function in the flatten layer, and number of unitsin the LSTM
layer wereidentified asinfluential hyperparameters. Therefore,
they were adjusted during training using a randomized grid

Schilling et al

search within the validation strategy described above. All
hyperparameters and their search spaces are summarized in
Table 1. We used TensorFlow and the Python 3 languagelibrary
Keras to implement this model [26,28].

Figure 3. Architecture of the recurrent neural network used for prediction of platelet demand. Data are first passed to along short-term memory layer
followed by aflatten layer and a dense layer to generate an integer output to our regression problem. LSTM: long short-term memory.

LSTM

/ Input data /L)

Flatten

>

Dense

‘7/ Prediction /

Table 1. Hyperparameters of the deep learning model and their respective search space for optimization via randomized grid search.

Parameter Search space

Batch size 50, 100

LSTM?units 10,50

Dropout rate 0%-50%, steps of 5
L1 regularizer 107° 1077, 107°, 1073
L2 regularizer 107° 1077, 107°, 1073

Flatten layer activation function

ReLUP, linear

3_STM: long short-term memory.
PReLU: rectified linear unit.

Results

Platelet Transfusion, Outdating, and Shortage

During the observed period, 46,205 platelet units where
transfused at UKA. Daily transfusions ranged between 0 and
39 with an average of 11.50 (SD 6.02). Units transfused per
year increased from 2566 in 2008 to 5891 in 2018. Daily
averages were significantly different for different days of the
week as determined by 1-way analysis of variance (ANOVA;
F¢=187; P<.001; Figure4). No significant differencewasfound
for month of the year, adso by 1-way ANOVA (F;;=1.56;
P=.10). More platelets were transfused during the week than
on weekends. Thetime series of daily platel et transfusions was
confirmed to be trend-stationary by augmented Dickey—Fuller
unit root test with a trend-corrected regression (augmented
Dickey—Fuller statistic=—8.34; P<.001).

A total of 4654 platelet units expired during the observed 10
years. The daily average expiration was 1.16 (SD 2.77, range
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RenderX

0-32). Furthermore, 1-way ANOVA showed significant
differencesin daily platelet expiration across different days of
theweek (Fg=48.9; P<.001), with higher values during the week
than on weekends (Figure 4). Therewas no significant difference
acrossthe months of theyear (F,,=1.34; P=.20). The expiration
ratesrelative to transfusionswere 10.1% and 11% for theentire
observed period and the validation period, respectively.

Emergency purchases were made for atotal of 2988 units, with
adaily mean of 0.74 (SD 2.77, range 0-27). Furthermore, 1-way
ANOVA showed significant differences in daly platelet
purchases across different days of the week (Fg=28.6; P<.001;
Figure 4) as well as across the months of the year (F;,=1.82;
P=.046). Platelet supply was more often short during the week
than during weekends, with most emergency purchases being
on Mondays. February and June were the months with the most
severe supply shortages. The shortage rates relative to
transfusions were 6.47% and 7.05% for the entire observed
period and the validation period, respectively.
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Figure 4. Top to bottom: transfusions, outdating, and emergency purchase of platelet units. Left: daily patterns. Right: averages by day of the week.
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Blood Bank Inventory Simulation

The retrospective simulations of our blood bank inventory using
the above-described blood bank inventory and prediction models
yielded the results described in this section. Blood bank
inventory simulation was performed separately for predictions
made by the LASSO and RNN models. Simulated outdating
rateswere similar for both prediction methods, whereas purchase
and overall cost as defined by Equation 9 were lower with the
RNN forecasts. With the LASSO, outdating and shortage were
reduced from 11% to 4.93% and from 7.05% to 2.11%,
respectively. Using the predictions of the RNN, outdating was
reduced to 5%, and shortage fell to 1.68%. These reductionsin
outdating and shortage are roughly equivalent to savings of US
$250,000 per annum. Simulated total cost was US $1.33 million
withthe LASSO and US$1.241 million with the RNN (Equation

https://medinform.jmir.org/2022/2/€29978
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9). Figure 5 showsthe cumulative plotsfor outdating, purchase,
and overall cost for both prediction models compared with the
real retrospective data.

The target values for platelet stock at the end of each day (o)
were calculated to be 13 and 14 when using the LASSO and
RNN predictions, respectively. The threshold for emergency
purchase of platelets (B) as well as the target value for platelet
stock after such purchases (y) were 0 for both models. Notethat
the blood bank inventory allows for temporarily negative values
for stock when moving through the stepwise calculation given
in Figure 2 (t1, t2, t3, and t4). Therefore, values of O for 3 and
y mean that emergency purchases are only initiated when
demand exceeds current stock (3=0) and that just enough units
are bought to satisfy demand, ending that day with empty stock

(y=0).
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Figure 5. Simulated cumulative outdating, purchase, and cost (as defined by Equation 9) compared with retrospective data. LASSO: least absolute

shrinkage and selection operator; RNN: recurrent neural network.
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Forecast Accuracy

Table 2 shows the forecast accuracy for predictions of platelet
demand for the next 2 and 4 days measured by RMSE (the
squareroot of the mean sgquare deviation of the predicted values
from the true values), the Pearson correl ation coefficient of the

predicted and true values (r?), and MAPE for both the LASSO
and RNN models. The LASSO performed dlightly better than

the RNN interms of these error measures. The differenceswere
statistically significant only for RM SE and MAPE for the 4-day
forecast.

Figure 6 shows longitudinal plots of predicted platel et demand
aongside the true values for both models and both prediction
tasks. Both models trade off variance for bias in their
predictions—the RNN more so than the LASSO but with very
similar results, as can be seenin Table 2.

Table 2. Forecast performance of the least absolute shrinkage and selection operator (LASSO) and recurrent neural network (RNN) for predictions of

platelet demand for the next 2 and 4 days.

Forecast period and method RMSE? (95% Cl) Pvalue 2o (95% CI) Pvaue  \pApPEC (%; 95% Cl) P value
Next 2 days .09 .88 .10
LASSO 6.77 (6.57-6.98) 0.73 (0.71-0.74) 25.51 (24.56-26.51)
RNN 6.94 (6.74-7.15) 0.71(0.70-0.73) 26.32 (25.33-27.41)
Next 4 days <.001 .07 .001
LASSO 10.78 (10.46-11.13) 0.74 (0.72-0.75) 18.11 (17.59-18.61)
RNN 11.52 (11.17-11.87) 0.69 (0.67-0.71) 19.22 (18.46-19.82)

3RM SE: root mean squared error.
bPearson correlation coefficient of the predictions and the true val ues.
°MAPE: mean absolute percent error.
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Figure 6. Longitudinal time series plots of demand predictions and real values of platelet demand. LASSO: least absolute shrinkage and selection

operator; RNN: recurrent neural network.
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Predictors of Platelet Demand

Asdescribed above, the LASSO performs feature selection and
produces interpretable models. The most influential predictors
of platelet demand for the next 2 and 4 days are listed in Table
3. The strongest predictor in both prediction tasks was the
average number of platelet transfusions over the previous 7
days. Other influential predictorswere day of the week, number

https://medinform.jmir.org/2022/2/€29978
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RenderX

of platelet counts between 20/nL and 10/nL, patients in the
oncology and psychiatry departments, and surgeries planned
for the next day in the neurosurgery department. The average
number of nonzero predictorsover al model iterationswas 50.7
(SD 20.409) and 41.8 (SD 14.389) in the 2-day and 4-day
forecasts, respectively. Owing to its complex layered structure,
the RNN does not provide direct information on the influence
of individual predictors.
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Table 3. Strongest predictors of platelet demand in the least absolute shrinkage and selection operator model. Mean predictor weights over all model

iterations.

Forecast and predictor Predictor weight, mean (SD)

2-day forecast
PL7? 3.04
Weekday Friday -2.12
Weekday Thursday -2.08
14 1.54
Weekday Saturday -117
CBC_PL_cont 20-10° 117
ppd 0.99
OP_P_NC*® 0.99

4-day forecast
PL7 1.68
Weekday Saturday -114
Weekday Friday -1.01
CBC_PL_cont 20-10 0.80
14 0.64
OP P NC 0.61
PP 0.60
OP_P_GG' 0.60

3pL7: platelet transfusions over previous 7 days.
B14: number of patients in the oncology ward.

¢CBC_PL_cont 10-20: daily number of complete blood count essays with platelet count between >10/nL and <20/nL.

9PP: number of patients in the psychiatry wards.

€OP_P_NC: number of planned surgeries for the next day in the neurosurgery department.
fOP_P_GG: number of planned surgeries for the next day in the vascular surgery department.

Discussion

Principal Findings

The results of this study show that it is possible to predict
platelet demand at UKA with high accuracy using both
approaches investigated: LASSO and RNN with LSTM. These
results confirm previous work and, as a particularly relevant
aspect, support the generalizability of these modelsto different
sites[1,2].

Furthermore, the simulations of the blood bank inventory
suggest that these predictions can be used to reduce waste and
shortage of platelets at UKA by a considerable amount. The
implementation of such a prediction system at UKA might lead
to savings as high as US $250,000 per year. Although several
studies haveinvestigated the prediction of platelet demand, very
few have examined the extent to which these predictions can
be used to improve inventory management via simulations or
field tests [1,2,10,13-16]. To the best of our knowledge, this
study isthefirst to compare LASSO and LSTM modelsinterms
of both prediction accuracy and possible reduction in wasteand
shortage rates based on prediction-driven simulations.

https://medinform.jmir.org/2022/2/€29978
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Both the LASSO and RNNswith LSTM have previously been
described as powerful toolsfor predicting platelet demand[1,2].
Motamedi et a [2] predicted the next-day platelet demand using
these models, with very similar results to our study. They
reported MAPE values of 28.02% and 28.52% for the LASSO
and LSTM, respectively. Guan et a [1] reported possible
reduction in platelet outdating from 10.3% to 3.2% with no
shortages when using predictions made with the LASSO.
However, they did not report the prediction accuracy of their
model.

The prediction accuracy of the RNN was marginally inferior to
that of the LASSO in our study. This was previously reported
by Motamedi et al [2]. However, we argue that the use of deep
learning holds great potential not yet fully explored by our
project. The most important point is the ability of deep neural
networks to take in much more heterogeneous data than a
statistical model such asthe LASSO [29]. Inclusion of datasuch
asdiagnosis and medical history of patients may lead to further
refinement of predictions. Despite this potential, the fact that
neural networks do not allow for simple interpretation of
influential predictors, often referred to as the Black Box
Problem, is apotential downside of these systems [29-31].
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Themost influential predictorsidentified by the LASSO (Table
3) were largely in accordance with previous studies. Previous
transfusions and day of the week, the most important predictors
in our model, have been described as influential by several
authors[1,2,10,13]. In addition, Guan et al [1,2], who also used
the LASSO, reported great influence for red cell count and
number of patients in the neurosurgery, vascular, and trauma
departments. Motamedi et a [2] reported high influence of
previous use, day of the week, and abnormal platelet count in
their LASSO moddl. Interestingly, neither of these studiesfound
the number of patients in the hematology and oncology
departments to be an influential predictor despite the fact that
platelet transfusions are very common in these patients [1-5].
However, this may be due to the intercorrelation effects of the
predictors.

As somewhat of an unexpected finding, we observed that the
blood bank simulation provided better results in terms of total
cost and shortage rates when using RNN predictions, whereas,
in accordance with previous results, the predictions made with

the LASSO were slightly better in terms of RMSE, r?, and
MAPE than those of the RNN. Although the differences are
small, thisindicates that these error measures might not beideal
for the problem. More specifically, the design of the ordering
process, as formalized in Equation 1, allows for bias in the
predictions to be compensated by the target value for the
end-of-day stock (o). However, thevariancein prediction errors
cannot be compensated. Furthermore, because of the platelets
shelf life of 4 days, prediction errors can be (randomly)
compensated to some extent by opposing errors within 4 days.
Finaly, our definition of total cost (Equation 9) punishes
shortage more severely than an excess of platelets. These aspects
are not adequately represented by error measures such asRM SE,

r2, or MAPE. In particular, the temporal sequence of errorswas
not accounted for.

Therefore, we might be missing out on some further reduction
in waste and shortage rates by using MSE as aloss function to
train the prediction models. Guan et a [1] circumvented this
problem by trandlating demand predictions and modeling of the
blood bank inventory into asingle optimization problem, thereby
using outdating of platelets as a loss function. The problem
could also be addressed by replacing MSE as a loss function
with error measuresthat are specifically adapted to the problem
at hand. Moreover, this highlights the need for inventory
simulation or field testsfor any prediction model asthe potential
to reduce waste and shortage rates is to some extent dependent
on the structure and processes of the blood inventory. Further
investigation is needed in this area.

Limitationsand Next Steps

With the aforementioned in mind, the modular structure of our
system with the prediction model s and the blood bank inventory
as independent components is a limitation of our study.
However, it aso has several advantages. First, it reduces the
complexity of the overall system. On the one hand, this allows
for simple interpretation and comparison of the prediction
models. In contrast, it enables the modeling of avery complex
blood inventory, incorporating separate predictionsfor weekdays
and weekends as well as emergency purchases while keeping
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training times and computational expense manageable as the
prediction models do not need to be retrained during the grid
search for ideal blood bank inventory parameters. Thisflexible
modular approach will also alow for the addition of further
modules, such as a component accounting for blood types in
the predictions.

The absence of such amodulein our systemisanother limitation
of this study. Although relevant to platelet transfusion, our
forecasts do not account for ABO blood types and Rh status
[18,32]. Thereisvery limited literature on incorporating blood
types in predictions of platelet demand. Critchfield et a [13]
used a 7-day moving average of type distribution to account for
ABO blood types. Fanoodi et al [14] treated each blood type
(ABO and Rh status) as an independent time series for
prediction. Although this method is straightforward, it reduces
the number of data points available to the prediction models
and might lead to reduced prediction accuracy. We suggest the
addition of a separate prediction model to our system to forecast
blood type distribution of demand. The strong pattern of
autocorrelation in platelet demand, supposedly caused by the
fact that most patients receive several transfusions over a
prolonged period, suggests that the distribution of blood types
might also show strong autocorrelation [10,13]. Thedistribution
of blood types in the population could be a further clue to
addressthis problem. Another optionisto directly include blood
types in a deep learning model based on the RNN presented
here as these models are capable of performing complex
end-to-end prediction tasks [29].

Although RMSE and MAPE are commonly used in the
evaluation of time series forecasts, these error measures might
not be the ideal choice here. Further to the potential problems
discussed above, their sengitivity to outliersisanother limitation
[33,34]. Asthe evaluation of the models did not include testing
for significant outliers, they might, if present, cause slight
differences in forecast performance between the LASSO and
RNN. Therefore, further model refinement should includetesting
for outliersin the predictions and, if necessary, error measures
that are more resilient to outliers, such as MAPE [33].

Although the ordering strategy given by Equation 1 does
consider current stock, it neglects the remaining shelf life of
unitsin stock. Adapting orders to the expiry profile of current
stock might be beneficial and should be investigated in further
studies.

In future applications, the prediction and simulation environment
presented here could be extended to other perishable goods
whose consumption data show similar characteristics. The
following data characteristics may be helpful in generalizing
thisapproach to other problems: (1) the data of platelet demand
investigated here are stationary in the presence of atrend, and
(2) the data have a strong pattern of autocorrel ation with weekly
seasonality. From a practical point of view, the short shelf life
and high variance of daily demand for platelets are important
characteristics that should be considered to identify suitable
problems for this approach. Our system could also be used to
investigate possible optimization of the blood bank inventory,
such as collection of platelets during weekends, by comparing
savings in waste and shortage with additional staff costs.
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Conclusions presented here show that the predictions of both models enable

Both a LASSO model and an RNN with an LSTM layer can a significant reduction in waste and shortage rates of platelets.
predict platelet demand at the UKA with high accuracy. This Furth_er research is needed to exp_loi_t the full potential of deep
isin accordance with previous studies and further supportsthe  |€&ming. models for the prediction of platelet demand.
generalizability of these models to different sites. The Furthermore, there is a need for models that take into account

retrospective simulations of the blood inventory at the UKA ABO blood typesin their predictions.

Authors Contributions

All authors have agreed on the final version and meet at least one of the following criteria: substantial contributionsto conception
and design; acquisition of data; or analysis and interpretation of data, drafting of the paper, or revising it critically for important
intellectual content.

Conflicts of Interest

None declared.

Multimedia Appendix 1

Quantitative data used to construct the figures and tables.
[XLSX File (Microsoft Excel File), 621 KB-Multimedia Appendix 1]

References

1.  Guanl, Tian X, Gombar S, Zemek AJ, Krishnan G, Scott R, et al. Big datamodeling to predict platel et usage and minimize
wastage in atertiary care system. Proc Natl Acad Sci U S A 2017;114(43):11368-11373 [FREE Full text] [doi:
10.1073/pnas.1714097114] [Medline: 29073058]

2. Motamedi M, Li N, Down D, Heddle N. Demand forecasting for platel et usage: from univariate time series to multivariate
models. arXiv 2021.

3. McCullough J. Overview of platelet transfusion. Semin Hematol 2010;47(3):235-242. [doi:
10.1053/j.seminhematol.2010.04.001] [Medline: 20620434]

4.  Wandt H, Schafer-Eckart K, Greinacher A. Platelet transfusion in hematol ogy, oncology and surgery. Dtsch Arztebl Int
2014;111(48):809-815 [FREE Full text] [doi: 10.3238/arztebl.2014.0809] [Medline: 25512006]

5. Fedele PL, Polizzotto MN, Grigoriadis G, Waters N, Comande M, Borosak M, et al. Profiling clinical platelet and plasma
use to inform blood supply and contingency planning: PUPPY, the prospective utilization of platelets and plasma study.
Transfusion 2016;56(10):2455-2465. [doi: 10.1111/trf.13778] [Medline: 27600298]

6. VeholaM, AroviitaP, LinnaM, Sintonen H, Kekoméki R. Variation of platelet production and discard ratesin 17 blood
centers representing 10 European countries from 2000 to 2002. Transfusion 2006;46(6):991-995. [doi:
10.1111/j.1537-2995.2006.00832.x] [Medline: 16734816]

7.  Whitaker B, Rgjbhandary S, Kleinman S, Harris A, Kamani N. Trends in United States blood collection and transfusion:
results from the 2013 AABB blood collection, utilization, and patient blood management survey. Transfusion
2016;56(9):2173-2183. [doi: 10.1111/trf.13676] [Medline: 27301995]

8.  Estcourt LJ. Why has demand for platelet components increased? A review. Transfus Med 2014;24(5):260-268. [doi:
10.1111/tme.12155] [Medline: 25327286]

9.  Tynngard N. Preparation, storage and quality control of platelet concentrates. Transfus Apher Sci 2009;41(2):97-104. [doi:
10.1016/j.transci.2009.07.001] [Medline; 19699153]

10. McCullough J, Undis J, Allen Jr JW. Platelet production and inventory management. In: Schiffer CA, editor. Platelet
physiology and transfusion: atechnical workshop. Washington: American Association of Blood Banks; 1978:17-37.

11.  Fint AW, McQuilten ZK, Irwin G, Rushford K, Haysom HE, Wood EM. |s platelet expiring out of date? A systematic
review. Transfus Med Rev 2020;34(1):42-50. [doi: 10.1016/j.tmrv.2019.08.006] [Medline: 31685352]

12.  Shah NK. Decision support in transfusion medicine and blood banking. Clin Lab Med 2019;39(2):269-279. [doi:
10.1016/j.cl1.2019.01.006] [Medline: 31036280]

13. Critchfield GC, Connelly DP, Ziehwein MS, Olesen LS, Nelson CE, Scott EP. Automatic prediction of platelet utilization
by time seriesanalysisin alargetertiary care hospital. Am J Clin Pathol 1985;84(5):627-631. [doi: 10.1093/ajcp/84.5.627]
[Medline: 4061386]

14. Fanoodi B, Mamir B, Jahantigh FF. Reducing demand uncertainty in the platelet supply chain through artificial neural
networks and ARIMA models. Comput Biol Med 2019;113:103415. [doi: 10.1016/j.compbiomed.2019.103415] [Medline:
31536834]

15. Kumari DM, Wijayanayake AN. An efficient inventory model to reduce the wastage of blood in the national blood transfusion
service. In: 2016 Manufacturing & Industrial Engineering Symposium.: IEEE; 2016 Presented at: MIES'16; October 22,
2016; Colombo p. 1-4. [doi: 10.1109/mies.2016.7779989)]

https://medinform.jmir.org/2022/2/€29978 JMIR Med Inform 2022 | vol. 10 | iss. 2 | €29978 | p. 12
(page number not for citation purposes)


https://jmir.org/api/download?alt_name=medinform_v10i2e29978_app1.xlsx&filename=d68d8993feceba0bbf30057d0a6d2b38.xlsx
https://jmir.org/api/download?alt_name=medinform_v10i2e29978_app1.xlsx&filename=d68d8993feceba0bbf30057d0a6d2b38.xlsx
http://www.pnas.org/cgi/pmidlookup?view=long&pmid=29073058
http://dx.doi.org/10.1073/pnas.1714097114
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29073058&dopt=Abstract
http://dx.doi.org/10.1053/j.seminhematol.2010.04.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20620434&dopt=Abstract
https://doi.org/10.3238/arztebl.2014.0809
http://dx.doi.org/10.3238/arztebl.2014.0809
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25512006&dopt=Abstract
http://dx.doi.org/10.1111/trf.13778
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27600298&dopt=Abstract
http://dx.doi.org/10.1111/j.1537-2995.2006.00832.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16734816&dopt=Abstract
http://dx.doi.org/10.1111/trf.13676
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27301995&dopt=Abstract
http://dx.doi.org/10.1111/tme.12155
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25327286&dopt=Abstract
http://dx.doi.org/10.1016/j.transci.2009.07.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19699153&dopt=Abstract
http://dx.doi.org/10.1016/j.tmrv.2019.08.006
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31685352&dopt=Abstract
http://dx.doi.org/10.1016/j.cll.2019.01.006
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31036280&dopt=Abstract
http://dx.doi.org/10.1093/ajcp/84.5.627
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=4061386&dopt=Abstract
http://dx.doi.org/10.1016/j.compbiomed.2019.103415
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31536834&dopt=Abstract
http://dx.doi.org/10.1109/mies.2016.7779989
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Schilling et al

16.

17.

18.

19.

20.

21

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

Khadi R, El AfiaA, Chiheb R, Faizi R. Artificial neural network based approach for blood demand forecasting: Fez
transfusion blood center case study. In: Proceedings of the 2nd International Conference on Big Data, Cloud and Applications.
New York city: Association for Computing Machinery; 2017 Presented at: BDCA'17; March 29-30, 2017; Tetouan p. 1-6.
[doi: 10.1145/3090354.3090415]

Kaufman RM, Djulbegovic B, Gernsheimer T, Kleinman S, Tinmouth AT, Capocelli KE, AABB. Platelet transfusion: a
clinical practice guideline from the AABB. Ann Intern Med 2015;162(3):205-213. [doi: 10.7326/M 14-1589] [Medline:
25383671]

Slichter SJ. Evidence-based platel et transfusion guidelines. Hematology Am Soc Hematol Educ Program 2007:172-178.
[doi: 10.1182/asheducation-2007.1.172] [Medline: 18024626

Bundesirztekammer. Bekanntmachung der querschnitts-leitlinien (BAK) zur therapie mit blutkomponenten und
plasmaderivaten — Gesamtnovelle 2020. Deutsches Arzteblatt 2020;117(40):2.

Solves Alcaina P. Platelet transfusion: and update on challenges and outcomes. J Blood Med 2020;11:19-26 [FREE Full
text] [doi: 10.2147/JBM.S234374] [Medline: 32158298]

Bergmeir C, Benitez JM. On the use of cross-validation for time series predictor evaluation. Inf Sci 2012;191:192-213.
[doi: 10.1016/j.ins.2011.12.028]

Pedregosa F, Varogquaux G, Gramfort A, Michel V, Thirion B, Grisel O, et a. Scikit-learn: machine learning in Python. J
Mach Learn Res 2011;12(85):2825-2830. [doi: 10.3389/fninf.2014.00014]

James G, Witten D, Hastie T, Tibshirani R. An introduction to statistical learning: with applicationsin R. New York city:
Springer; 2013.

Altman DG, Bland JM. How to obtain the P value from aconfidenceinterval. BMJ2011;343:d2304. [doi: 10.1136/bmj.d2304]
[Medline: 22803193]

Tibshirani R. Regression shrinkage and selection viathe lasso. JR Stat Soc Series B Stat Methodol 1996;58(1):267-288.
[doi: 10.1111/j.2517-6161.1996.tb02080.X]

Abadi M, Agarwa A, Barham P, Brevdo E, Chen Z, Citro C, et al. TensorFlow: large-scal e machine learning on heterogeneous
distributed systems. arXiv 2016.

Hochreiter S, Schmidhuber J. Long short-term memory. Neural Comput 1997;9(8):1735-1780. [doi:
10.1162/nec0.1997.9.8.1735] [Medline: 9377276]

Chollet F. User experiencedesign for APIs. The Keras Blog. 2015. URL: https://blog.keras.io/user-experience-design-for-apis.
html [accessed 2019-11-04]

Miotto R, Wang F, Wang S, Jiang X, Dudley JT. Deep learning for healthcare: review, opportunities and challenges. Brief
Bioinform 2017;19(6):1236-1246. [doi: 10.1093/bib/bbx044] [Medline: 28481991]

Baldi P. Deep learning in biomedical data science. Annu Rev Biomed Data Sci 2018;1(1):181-205. [doi:
10.1146/annurev-biodatasci-080917-013343]

Beam AL, Kohane IS. Big data and machine learning in health care. JAMA 2018;319(13):1317-1318. [doi:
10.100V/jama.2017.18391] [Medline: 29532063]

Bundesirztekammer. Querschnitts-leitlinien zur therapie mit blutkomponenten und plasmaderivaten: mit 19 tabellen. 4,
Uberarb aufl. KéIn: Bundesirztekammer; 2009:9783769112696.

Armstrong JS. Principles of forecasting: a handbook for researchers and practitioners. Boston: Springer; 2001.

Hyndman RJ, Koehler AB. Another look at measures of forecast accuracy. Int J Forecast 2006;22(4):679-688. [doi:
10.1016/|.ijforecast.2006.03.001]

Abbreviations

ANN: artificial neural network

ANOVA: analysis of variance

ARIMA: autoregressive moving averages
EHR: electronic health record

LASSO: least absolute shrinkage and selection operator
LSTM: long short-term memory

MAPE: mean absolute percent error
MSE: mean squared error

RMSE: root mean squared error

RNN: recurrent neural network

UKA: RWTH Aachen University Hospital

https://medinform.jmir.org/2022/2/€29978 JMIR Med Inform 2022 | vol. 10 | iss. 2| 29978 | p. 13

(page number not for citation purposes)


http://dx.doi.org/10.1145/3090354.3090415
http://dx.doi.org/10.7326/M14-1589
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25383671&dopt=Abstract
http://dx.doi.org/10.1182/asheducation-2007.1.172
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18024626&dopt=Abstract
https://dx.doi.org/10.2147/JBM.S234374
https://dx.doi.org/10.2147/JBM.S234374
http://dx.doi.org/10.2147/JBM.S234374
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32158298&dopt=Abstract
http://dx.doi.org/10.1016/j.ins.2011.12.028
http://dx.doi.org/10.3389/fninf.2014.00014
http://dx.doi.org/10.1136/bmj.d2304
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22803193&dopt=Abstract
http://dx.doi.org/10.1111/j.2517-6161.1996.tb02080.x
http://dx.doi.org/10.1162/neco.1997.9.8.1735
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=9377276&dopt=Abstract
https://blog.keras.io/user-experience-design-for-apis.html
https://blog.keras.io/user-experience-design-for-apis.html
http://dx.doi.org/10.1093/bib/bbx044
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28481991&dopt=Abstract
http://dx.doi.org/10.1146/annurev-biodatasci-080917-013343
http://dx.doi.org/10.1001/jama.2017.18391
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29532063&dopt=Abstract
http://dx.doi.org/10.1016/j.ijforecast.2006.03.001
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Schilling et al

Edited by G Eysenbach; submitted 27.04.21; peer-reviewed by G Lim, M Manzanares, C Lynch; commentsto author 15.06.21; revised
version received 12.09.21; accepted 21.11.21; published 01.02.22

Please cite as.

Schilling M, Rickmann L, Hutschenreuter G, Spreckelsen C

Reduction of Platelet Outdating and Shortage by Forecasting Demand With Statistical Learning and Deep Neural Networks: Modeling
Sudy

JMIR Med Inform 2022;10(2):€29978

URL: https://medinform.jmir.org/2022/2/€29978

doi: 10.2196/29978

PMID:

©Maximilian Schilling, Lennart Rickmann, Gabriele Hutschenreuter, Cord Spreckelsen. Originally published in IMIR Medical
Informatics (https.//medinform.jmir.org), 01.02.2022. This is an open-access article distributed under the terms of the Creative
Commons Attribution License (https.//creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and
reproduction in any medium, provided the original work, first published in IMIR Medical Informatics, is properly cited. The

compl ete bibliographic information, a link to the original publication on https.//medinform.jmir.org/, as well as this copyright
and license information must be included.

https://medinform.jmir.org/2022/2/€29978 JMIR Med Inform 2022 | vol. 10 | iss. 2 | €29978 | p. 14
(page number not for citation purposes)

RenderX


https://medinform.jmir.org/2022/2/e29978
http://dx.doi.org/10.2196/29978
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

