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Abstract.  
On average, algorithmic forecasts outperform human forecasts by 10%. This 

disparity increases further thanks to cutting-edge machine learning (ML) algo-
rithms. As business decisions based on sales forecasting are regarded as particu-
larly important and a variety of other activities rely on them, accurate sales 
forecasting is critical to companies’ profitability. At the same time, being able 
to predict the next day’s sales more accurately can significantly reduce food 
waste and help fulfilling sustainability. Thus, sales forecasting is one of the pri-
mary value propositions of artificial intelligence (AI). However, it is crucial for 
the acceptance and adoption of ML-based sales forecasting algorithms to per-
form reliably during pandemics such as the covid-19 pandemic. Although gov-
ernments’ containment measures highly impact the sales of a bakery’s products, 
no study has yet scrutinized incorporating the stringency of containment 
measures as an input variable for sales forecasting. Hence, this paper examines 
the performance of a ML sales forecasting system for baked goods in times of 
covid-19 and proposes incorporating a covid containment measurement strin-
gency index as an additional input variable to increase forecast accuracy in 
times of pandemics. This way, prediction accuracy increases by 4.61% on aver-
age. Consequently, a containment measures stringency variable should be used 
to increase accuracy in future pandemics. By simulating an upcoming pan-
demic, it is further demonstrated how learnings from the covid-19 pandemic 
could be meaningfully transferred. For this study, real data is used: A Swiss 
bakery chain provides real sales data covering 5 years including 2 years of the 
covid-19 pandemic. 

Keywords: Sales Forecasting, Machine Learning, COVID-19, containment 
measures 

1 Introduction 

In this paper, the usefulness of a covid containment measures stringency index to in-
crease prediction accuracy of the next day’s sales of baked goods is examined based on 
real sales data that is provided by a Swiss bakery chain.  
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On average, algorithmic forecasts outperform human forecasts by 10% [1]. This dis-
parity increased further due to cutting-edge machine learning (ML) algorithms [2]. 
Business decisions based on sales forecasting are regarded as particularly important and 
a variety of other activities rely on them, accurate sales forecasting is critical to com-
panies’ profitability [3, 4]. At the same time, food waste is an increasingly significant 
challenge for society and is recognized by the United Nations as a sustainable develop-
ment goal. Being able to predict the next day’s sales more accurately can significantly 
reduce food waste and help to fulfill sustainability goals when applied in the food in-
dustry or in retail. According to the Swiss Federal Office for the Environment (BAFU), 
2.8 million tons of food are wasted in Switzerland per year, which equals 330 kg per 
person per year, or about a quarter of the environmental impact caused by our food. 
Among all food categories, baked goods have the greatest environmental impact due to 
food waste [5]. 

The opportunity to increase sales by avoiding shortage and to reduce costs and food 
waste by avoiding overproduction calls for more accurate sales forecasting. Conse-
quently, sales forecasting is one of the primary value propositions of artificial intelli-
gence (AI) [6]. However, it is crucial for the acceptance and adoption of ML-based 
sales forecasting algorithms to perform reliably during pandemics such as the recent 
covid-19 pandemic. Restrictions like quarantines, mandatory home office or mask ob-
ligations highly impact the sales of a typical bakery’s products and negatively affects 
the performance of ML models [7].  

To the best of the author’s knowledge, there are currently no studies that incorporate 
the severity of covid-19 containment measures into ML sales forecasting algorithms as 
an input variable. Several studies investigate how the covid-19 pandemic has affected 
sales forecasting and suggest novel algorithms to deal with the distortions [8-11]. For 
instance, the covid-19 pandemic affected the importance of feature variables: Compar-
ing pre- vs. post-pandemic feature importance, features that negatively influence sales 
increased in importance in a study in the context of an online marketplace [12]. To deal 
with the distortions of the pandemic, one study incorporates expert opinions into a ML 
forecast algorithm [13], while another study adds flags to their data to indicate the dif-
ferent stages of the covid-19 pandemic (panic state, relief period after a wave, etc.), 
thus improving the prediction of monthly car sales [14]. However, pandemic contain-
ment measures were not considered in these studies. 

To tackle the outlined research gap, this study examines the effectiveness of includ-
ing a covid containment measures stringency index into a ML sales forecasting system 
to increase forecast accuracy in times of covid-19. For the elaborations, real data is 
used: A Swiss bakery chain provides transactional sales data covering approximately 5 
years including 2 years of the covid-19 pandemic. The usefulness of the covid strin-
gency index is evaluated based on the 15 best selling products of the largest branch of 
the bakery chain. First, for 13 of 15 products, the onset of the covid pandemic represents 
a structural break in the data. Second, it is shown that in case of a future pandemic, a 
restriction stringency variable should be used, as it increases the prediction accuracy by 
4.61%. Third, situations in which a “pandemic variable” is beneficial or detrimental to 
the accuracy of forecasts are examined by simulating the start of an upcoming pandemic 
and comparing the ML system with and without considering the covid stringency index 
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as an input variable. Fourth, this study shows how learnings from the covid-19 pan-
demic could be meaningfully transferred to an upcoming pandemic. These analyses are 
executed to answer the following research questions (RQ): 

RQ1: Does the COVID-19 stringency index improve one-day-ahead forecasts in 
sales forecasting in the bakery domain? 

RQ2: Can a pre-trained pandemic variable improve one-day-ahead forecasts in 
times of pandemic? 

By answering these research questions, this paper contributes to practice by showing 
the usefulness of variables that measure the strictness of the government’s containment 
measures as a reaction to pandemics in ML-based sales forecasting algorithms. This 
study contributes to theory by evaluating the degree to which ML based sales forecast-
ing systems can be relied on in times of great societal change like pandemics. The ro-
bustness of such a system is critical for their acceptance and adoption.  

The results indicate that a crisis mode is necessary to enable the algorithm to adapt 
to changing consumption behavior in times of pandemics but there is no need for prac-
titioners to switch to full “manual mode” when a pandemic occurs. 

2 Conceptual and Theoretical Background 

In times of a pandemic, forecast accuracy declines due to changing importance of pre-
dictor variables and changing behavior of customers [7, 12]. This study investigates the 
effectiveness of a covid-19 containment measures stringency index increase forecast 
accuracy of ML sales forecasting models during the covid-19 pandemic. Consequently, 
three main topics are relevant: (1) Machine Learning for Sales Forecasting, (2) Data 
Drift and (3) the covid-19 stringency index.  

2.1 Machine Learning for Sales Forecasting 

Sales forecasting is the process of predicting future sales values using a model of his-
torical data. Forecasting is critical for corporate strategy because many organizational 
choices are based on it [4]. As a result, effectively anticipating future sales based on 
historical data is critical to a company's success [3]. 

Most of a retailer's essential business functions, including manufacturing and pro-
curement, supply chain optimization, marketing, and staff planning, require high preci-
sion sales projections [15]. It is difficult to manually handle procurement for all items 
in all locations since merchants routinely manage assortments with many distinct prod-
ucts. As a result, merchants rely on automated procurement systems, which rely on 
sales forecasts in turn [15]. 

During the last few decades, significant work has gone into developing and refining 
advanced information systems and the underlying mathematical models and algorithms 
for retail sales forecasting. In the past, specialized exponential smoothing models and 
ARIMA models were commonly used for sales forecasting, and they still perform rea-
sonably well with minimum computing effort [16]. When the surrounding 
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macroeconomic conditions are generally steady, classic exponential smoothing and 
ARIMA models are likely to be precise [17]. 

When consumer behavior is rapidly changing, however, recent research suggest that 
nonlinear models can outperform standard techniques in terms of prediction accuracy 
[15]. Different forms of neural networks [18], multilayer functional link networks [19], 
support vector machines [20], and decision trees are just a few examples [21]. Model 
training is computationally costly; hence such techniques generally have unfeasible re-
source needs [22].  

The focus of this study is sales forecasting of baked goods in a medium-sized Swiss 
bakery. Whereas in retail sales forecasts might be needed on an hourly basis, for this 
project, predictions are needed at a higher aggregation level: the next business day’s 
sales are most important for decision makers as they need to place an order for the next 
day at the production department at the end of each day. This leads to relatively lower 
amount of data points per product and per branch. In this context, with the provided 
data, a conventional time series approach like ARIMA performs almost equally well. 
More advanced ML models like neural networks can leverage their strengths especially 
with higher-frequency data. Against this backdrop, an autoregressive OLS model is 
chosen for the elaborations in this paper, as it requires few computational resources, 
and its interpretability allows for analyses which would not be possible with black-box 
models like neural networks or boosted tree models like XGBoost [23]. 

In addition, food waste is increasingly recognized as a social challenge. According 
to the Swiss Federal Office for the Environment, 2.8 million tons of food are wasted in 
Switzerland every year, which equals 330 kg per person per year, or about a quarter of 
the environmental impact caused by our food. The food category with the greatest en-
vironmental impact due to food waste is baked goods and overproduction is a main 
driver of food waste in the baked goods category [5]. 

2.2 Data Drift and Structural Breaks 

The covid-19 pandemic has had great impact on the sales of the bakery chain at hand. 
Prior to the pandemic’s start in March 2020, the branch sold on average 22130 baked 
goods items per month. During the pandemic, meaning from March 2020 until and in-
cluding January 2022, the sales per month were 28052 on average. This constitutes a 
statistically significant change of sales and promotes the assumption that the pandemic 
must be accounted for in a ML-based forecasting system. Figure 1 shows the total sales 
per month of the store and 15 products in focus of the paper. The start of the covid-19 
pandemic is denoted by the vertical red line. The black line is the regression line for the 
pre-pandemic sales per month and the dashed line depicts the regression line for the 
post-pandemic sales. 
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Fig. 1. Monthly sales and regression lines for pre- and post-pandemic sales. 

Statistically significantly different slopes of the two regression lines indicate a struc-
tural break in the data and consequently the necessity to account for this break.  

To test for a structural break in the data at the start of the pandemic in March 2020, 
the chow test performs a linear regression over all data points and each one over the 
data points prior and after the structural break point to be tested [24]. If the regression 
parameters of the joint regression equal the parameters of the two subsections of the 
time series, no structural break is detected, and the null hypothesis is accepted. Table 1 
shows the results for the chow test performed on all 15 products in the data set. 

Table 1. Chow test for all 15 products and respective p-values (*:p<.05; **:p<.01; ***: 
p<0.001). 

Article Name p-value Structural break? Significance level 

Bread rolls 2.62E-14 Yes *** 

Curd braid 3.02E-12 Yes *** 

Butter braid 0 Yes *** 

Pretzel croissant 0 Yes *** 

Croissant 0 Yes *** 

Corn croissant 2.66E-15 Yes *** 

Pretzel bun 1.11E-16 Yes *** 

Il pollo forte 0 Yes *** 

Cream slice 0 Yes *** 

Start of covid-19 pandemic

Regression line for pre -pandemic sales
Regression line for post-pandemic sales
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Hazelnut croissant 5.69E-13 Yes *** 

Roll 0.1562 No  

Bun 0.0180 Yes * 

Raspberry doughnut 0.0003 Yes *** 

Sunflower croissant  5.77E-15 Yes *** 

Almond croissant 0 Yes *** 

 
As shown in Table 1, a structural break can be assumed for 13 out of 15 products on 
significance level of 0.001, for 1 product the significance level is 0.05. These results 
indicate that it is senseful to account for the start of the pandemic in March 2020 in a 
ML-based sales forecasting model. 

2.3 COVID-19 Stringency Index 

In the context of this study, “crisis” is defined as a pandemic that leads to changes in 
the sub-indicators listed below. Here, the covid-19 containment measures in Switzer-
land are quantified using the KOF StringencyPlus Index (KSI+) [25]. The index is cal-
culated based on different sub-indicators and ranges from 0 to 100, with 0 indicating 
no measures and 100 indicating full lockdown. Concretely, the ten sub-indicators used 
to derive the KSI+ index are: school closing, workplace closing, cancellation of public 
events, restrictions on gatherings, closure of public transport, stay-at-home require-
ments, restrictions on internal movement, international travel controls, public info cam-
paigns, and facial coverings. The sub-indicators are coded based on the Oxford Strin-
gency Index coding methodology [26]. 

The KSI+ index is not specific to the COVID-19 pandemic, which is a requirement 
to use it in sales forecasting for a potential next pandemic. The index could hence be 
derived again and used as an input variable in a forecasting model. Fig. 2 depicts the 
course of the covid pandemic from January 2020 to February 2022. In the course of this 
paper, the KSI+ index is called “pandemic variable”. 

 
Fig. 2. Progression of covid-19 pandemic over time. 
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3 Methodology 

In total, three analysis/ experiments are run in this paper. First, the forecast accuracy of 
two different models is compared. One model uses the pandemic variable as input, the 
other does not. Apart from that, both models are the same. In this analysis the training 
set consists of approximately 1500 non-covid and 300 covid days. The test set consists 
of around 400 covid days. Second, a simulation experiment where one-day-ahead pre-
dictions are made followed by continuous retraining is performed. Here, the training 
set consists of all non-covid days and the test set of all covid days (~700). This experi-
ment is conducted to simulate a situation in which a pandemic such as the covid pan-
demic is spreads and ML forecasting models need to adapt. Again, two models are used: 
One that uses the pandemic variable and one that does not. Third, the simulation is 
replicated with one change: the regression coefficient corresponding to the pandemic 
variable is set, not learned. This simulation is performed to test the possibility to transfer 
learnings from the COVID-19 pandemic to upcoming pandemics. The prediction accu-
racy of the model that uses the pre-trained pandemic variable is compared against a 
model that uses the pandemic variable as-is and a model that uses no pandemic variable. 

4 Data and Artifact 

In the following, the data set and the used algorithm are described in detail. 

4.1 Data Set 

The data set used in this paper consists of transactional point-of-sale data over 5 years 
and is provided by a Swiss bakery chain. It covers a total of 901565 transactions over 
a timespan starting in December 2015 until February 2022 (2182 selling days). To con-
firm that the findings of this paper are valid and impactful for a typical bakery, the data 
set contains the 15 top-selling products. Included variables are a timestamp, the type of 
product, the sold amount, and the price. Based on the timestamp, the generated features 
weekday and month are included. External data was used to add weather indicators, 
specifically daily averages of radiation, rainfall, and temperature, as well as national 
holidays, (school) vacations and the pandemic variable. Performing extensive autocor-
relation analysis, lagged features (1-day-lag, 2-day-lag, and 7-day-lag) as well as a roll-
ing average over 7 days were included. Table 2 shows all products that are included in 
the analyses and the respective amount of selling (covid) days for each product. The 
amount of selling days is relevant as one-day-ahead predictions are made so that the 
training set size per product is the amount of selling days per product.  

Table 2. Analyzed products and the respective amount of selling (covid) days. 

Article Name ID #Selling days #Selling covid days 

Bread rolls 1 2182 698 
Curd braid 2 2027 698 
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Butter braid 3 1994 697 
Pretzel croissant 4 2182 698 
Croissant 5 2182 698 
Corn croissant 6 2182 698 
Pretzel bun 7 2182 698 
Il pollo forte 8 1870 600 
Cream slice 9 2176 696 
Hazelnut croissant 10 2182 698 
Roll 11 2182 698 
Bun 12 2176 698 
Raspberry doughnut 13 1845 604 
Sunflower croissant  14 2182 698 
Almond croissant 15 2182 698 

4.2 Algorithm: OLS model 

Based on this data and these features, an ML algorithm predicts sales of the next day 
for each product. Specifically, an Ordinary Least Squares (OLS) regression model 
makes one-step ahead forecasts, that is, the sales for the next day. 

Extensive hyperparameter tuning leads to slightly better predictions for XGBoost 
[23] compared to OLS regression. However, due to its low computational effort and the 
interpretability of its parameters, OLS regression is used for the analysis in this paper. 
In addition, there are no indications that the findings of this paper would not apply in 
the case of an XGBoost model. On contrary, due to its higher complexity and its ability 
to find non-linear relationships between the different input variables, it is most likely 
that the positive influence of the pandemic variable on the prediction accuracy is even 
higher when a XGBoost model is used. 

5 Results 

To answer RQ1, the data is split into a training set and a test set by a 75/25 percent split 
(no randomization, as the order of data is relevant in time series forecasting). Thus, the 
training set contains both times of pandemic and times of no pandemic. The test set 
contains solely times of pandemic, as the pandemic makes up more than a quarter of 
the total available data. For each product, two models are trained using the training set: 
One model that uses the pandemic variable (model-1) and one that does not (model-2).  

 
Model-1: 

Sold ~ weekday + temperature + rain + sun + lag1 + lag2 + 
lag_week + holiday + mean_week + school + covid 
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Model-2 uses the same input variables but lacks the variable covid. In model-1, the 
variable covid is highly significant (p-value < 0.001) for eight products, significant 
(p-value < 0.01) for three products, and weakly significant (p-value < 0.05) for one 
product. For one product, the p-value is < 0.1. Subsequently, for both models, forecasts 
for each product are made based on the test set. The forecast accuracy is measured in 
terms of RMSE (root mean squared error). Table 3 depicts the results of this experi-
ment. In the third column, the deviation between both models is shown for each prod-
uct. 

Table 3. Different products and respective prediction accuracy with and without pandemic var-
iable. 

Article Name Prediction w/ pan-
demic variable 
(RMSE) 

Prediction w/o pan-
demic variable 
(RMSE) 

Deviation 
(RMSE) 

Bread rolls 14.63 15.31 +4% 
Curd braid 7.24 7.20 -1% 
Butter braid 16.32 19.69 +17% 
Pretzel croissant 16.20 17.24 +6% 
Croissant 50.17 52.84 +5% 
Corn croissant 15.95 16.69 +4% 
Pretzel bun 12.81 13.63 +6% 
Il pollo forte 3.53 3.83 +8% 
Cream slice 24.38 26.19 +7% 
Hazelnut croissant 12.95 13.24 +2% 
Roll 10.70 10.85 +1% 
Bun 11.96 12.07 +1% 
Raspberry doughnut 26.79 27.19 +1% 
Sunflower croissant  16.16 16.87 +4% 
Almond croissant 11.48 11.64 +1% 
Mean 16.75 17.63 +4.61% 

 
Averaged over all products, model-1 outperforms model-2 by 4.61%. The outperfor-
mance differs per product, as some products are affected by the pandemic containment 
measures more strongly than others. In case of curd braid, including the pandemic var-
iable even led to less accurate forecasts on the test set, possibly due to overfitting on 
the training set.  

To further test the beneficial influence of the pandemic variable on the forecast ac-
curacy, a simulation is run to simulate the start of the covid pandemic. During the iter-
ative simulation, similar to a real-world situation, a model is trained based on all avail-
able historic data [𝑡𝑡−𝑛𝑛: 𝑡𝑡0], 𝑡𝑡0 being the last non-covid day, and provides predictions for 
each product for the next day (𝑡𝑡1). The training set hence contains all non-pandemic 
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days. In the next iteration (𝑖𝑖𝑖𝑖2), the previously predicted day becomes part of the train-
ing set (now [𝑡𝑡−𝑛𝑛: 𝑡𝑡1]) and the next day (𝑡𝑡2) is predicted. These iterations are continued 
until 𝑡𝑡𝑚𝑚−1 is the last day in the training set to predict 𝑡𝑡𝑚𝑚 (left illustration in Figure 3). 

The second simulation represents an attempt to use the information content about 
the response of sales to changes in the covid index already at the beginning of a pan-
demic. Since there has not yet been an onset of a new pandemic in which the regression 
coefficient from the covid-19 pandemic could be used, the second simulation is in-
tended to help provide an estimate of whether the use of the learned regression coeffi-
cient from the covid-19 pandemic may be feasible in a next pandemic. To achieve this, 
the same procedure is used as in the first simulation, but the coefficient of the pandemic 
variable is determined based on all available data before and after the day to be pre-
dicted (𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑛𝑛1 + 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑛𝑛2). Subsequently, the pre-trained covid coefficient is cached and 
the model is re-trained based solely on the available historic data [𝑡𝑡−𝑛𝑛: 𝑡𝑡0], 𝑡𝑡0 being the 
last non-covid day (𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑛𝑛1). The right illustration in Figure 3 shows 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑛𝑛1 and 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑛𝑛2 
and the forecasting horizons for each iteration (𝑖𝑖𝑖𝑖1, 𝑖𝑖𝑖𝑖2, . . ). However, the covid coeffi-
cient of the model is set to the value of the pre-trained cached covid coefficient. Con-
sequently, the forecasting model has no access to future data (after 𝑡𝑡0) as it would be 
the case in a real scenario. 

 
Fig. 3. Sales per month, regression lines for pre- and post-pandemic sales and start of covid 

pandemic. 

The results of Simulation 1 and 2 indicate that over all covid-19 pandemic days, includ-
ing the pandemic variable (model-1) increases the forecast accuracy by 2% (averaged 
over all products). If the pandemic variable is pre-trained (model-3), the deviation to 
the model without pandemic variable (model-2) is even higher (2.28%). However, there 
are differences between different time periods: During the first 100 days of the covid-
19 pandemic, model-1 outperforms model-2 only slightly (0.54%). In this period, 
model-1 and model-3 differ the most, as model-3 outperforms model-2 by 2.4%. After 
300 covid days, model-1 and model-3 have almost aligned with each other, as the value 
of the pandemic variable in both models gradually become similar to each other. 

Forecast horizon Shift of training set

𝑡𝑡0𝑡𝑡−1𝑡𝑡−n 𝑡𝑡1 𝑡𝑡3𝑡𝑡2 𝑡𝑡m𝑡𝑡0𝑡𝑡−1𝑡𝑡−n 𝑡𝑡1 𝑡𝑡3𝑡𝑡2 𝑡𝑡m

train train1 train2

Simulation 2Simulation 1

𝑖𝑖𝑡𝑡1 𝑖𝑖𝑡𝑡1𝑖𝑖𝑡𝑡2 𝑖𝑖𝑡𝑡3 𝑖𝑖𝑡𝑡2
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Table 4. Comparison of forecast accuracy (RMSE) with vs. without pandemic variable for dif-
ferent periods during the covid pandemic for Simulation 1 (without pre-trained pandemic varia-

ble) and Simulation 2 (with pre-trained pandemic variable). 

Article 
ID 

All days 
(Sim. 1) 

All days 
(Sim. 2) 

< 100 days 
(Sim. 1) 

< 100 days 
(Sim. 2) 

> 300 days 
(Sim. 1) 

> 300 days 
(Sim. 2) 

1 0.29% 0.56% -1.91% 0.80% 0.98% 0.78% 
2 0.40% 0.08% 0.45% 4.58% -0.85% 0.09% 
3 9.55% 9.81% 13.35% 14.43% 8.06% 7.73% 
4 2.54% 2.98% 0.95% 1.63% 2.12% 2.10% 
5 1.15% 1.50% -1.89% -1.87% 1.55% 1.43% 
6 1.31% 1.70% -1.21% 0.89% 1.80% 1.67% 
7 2.79% 3.05% -0.26% -0.60% 3.28% 3.15% 
8 1.94% 1.71% 1.47% 2.41% 0.75% 0.86% 
9 1.13% 1.26% -0.70% 0.72% 2.11% 2.18% 
10 2.63% 3.12% 3.82% 7.23% 1.56% 1.86% 
11 0.76% 1.23% -3.52% -1.60% 2.15% 1.84% 
12 -0.16% 0.16% -4.92% -3.30% 1.10% 0.41% 
13 0.98% 1.52% -3.01% 1.44% 1.04% 1.01% 
14 2.12% 2.67% -1.36% -0.46% 3.10% 2.64% 
15 2.49% 2.86% 6.81% 9.88% 1.83% 1.99% 

Mean 2.00% 2.28% 0.54% 2.41% 2.04% 1.99% 
 
These effects can be exemplarily seen in Figure 4, which shows two the forecast accu-
racy in terms of RMSE for model-1 (no pandemic variable) vs. model-2 (with pandemic 
variable) in the upper illustration and for model-2 (with pandemic variable, but no pre-
training) vs. model-3 (with pre-trained pandemic variable) in the lower illustration. 
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Fig. 4. Comparison between model-1 and model-2 (upper illustration) and model-2 and model-3 
(lower illustration) in terms of forecast accuracy (RMSE) during covid-19 pandemic. 

The lower illustration of Figure 4 depicts the difference between pre-training and no 
pre-training. After around 300 days of pandemic, both models do not differ much any-
more. Table 5 shows average forecast accuracy in terms of RMSE for the beginning of 
the covid-19 pandemic (first 200 days) vs. the following 200 days (mid-pandemic). For 
all three groups (no pandemic variable, covid-variable, pre-trained covid-variable), the 
forecast accuracy is >10% lower (i.e., higher RMSE) in the beginning of the pandemic 
compared to mid-pandemic. However, including the pandemic variable into the model 
decreases the average RMSE in the beginning of the pandemic by 9.3 and including a 
pre-trained pandemic variable decreases the average RMSE by 15.7. 

Table 5. Forecast accuracy (RMSE) with and without pre-trained and not pre-trained pandemic 
variable for different periods during the covid pandemic (deviation between first 200 days vs. 

day 200 – 400). 

Scenario Mean (RMSE) Deviation 

days < 200 (pandemic variable, no pre-train) 404.6  

200 > days <400 (pandemic variable, no pre-train) 353 11.80% 

With pandemic variable

Without pandemic variable

With pre-training

Without pre-training
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days < 200 (no pandemic variable) 413.9  

200 > days < 400 (no pandemic variable) 374.1 14.50% 
days < 200 (pre-trained pandemic variable) 398.2  

200 > days < 400 (pre-trained pandemic variable) 353.2 14.20% 
 

To summarize, RQ1 can be answered: Including the COVID-19 stringency index 
(pandemic variable) improves one-day-ahead forecasts in sales forecasting in the bak-
ery domain. Both the bulk prediction (Table 3) and the iterative predict-retrain-predict 
process (Table 4 and Table 5) show that the pandemic variable is beneficial for the 
chosen ML forecast model in the bakery domain. RQ2 can be partly answered: In our 
case, pre-training the pandemic variable based on all available sales data during the 
covid pandemic has increased forecast accuracy more than using a non-pre-trained pan-
demic variable. However, there is no data for the same products during another pan-
demic. Consequently, RQ2 cannot be fully answered as it would require training the 
pandemic variable based on one pandemic and applying it during the next pandemic. 

6 Discussion and Conclusion 

In this study, the usefulness of a variable (“pandemic variable”) that operationalizes the 
stringency of covid-19 containment measures in Switzerland for ML-based sales fore-
casting algorithms was tested. For the operationalization, the KOF StringencyPlus In-
dex (KSI+) [25] was used. It was shown that covid-19 containment measures have a 
significant impact on the sales of a medium-sized Swiss bakery chain. Thus, including 
the pandemic variable improves accuracy in ML-based sales forecasting of baked 
goods. 

Three main experiments, for which real data from a medium-sized Swiss bakery was 
used, were conducted. As a basis, an autoregressive OLS model was used. First, the 
influence of the pandemic variable on the forecast accuracy in a bulk forecast of ~500 
days during the covid-19 pandemic was evaluated. On average, including the pandemic 
variable increased forecast accuracy by 4.6%. Second, a simulation was run. During 
this simulation, the algorithm made one-step-ahead sales forecast and was retrained 
after making the forecasts and comparing it to the actual value. The actual sales are 
known because the simulation was set in the past. This simulation yielded promising 
results: the forecast accuracy of the model that uses the pandemic variable was 2% 
higher over all 15 products and days. Third, the same simulation was run, but the pan-
demic variable was pre-trained based on the full data set. The pre-trained pandemic 
variable was used in the iterative setting as described above. In this case, the forecast 
accuracy was 2.3% higher compared to the model without a pandemic variable. 

The containment measures stringency index is generic, meaning that the factors in-
fluencing the index value are not specific to the covid-19 pandemic. This way, the strin-
gency index could be determined and applied in ML-based sales forecasting in future 
pandemics. Findings of related work confirm that the covid-19 pandemic poses a chal-
lenge to ML-based forecasting [7, 12]. Several studies deal with the challenge by opti-
mizing the forecasting algorithm itself without including additional feature variables 
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[8-11]. One study [13] aims to increase forecast accuracy by considering expert opin-
ions as additional input variables in the model. Another study [14] adds a feature vari-
able that indicates the different stages of the covid-19 pandemic to increase forecast 
accuracy. In opposition to the study at hand, a temporal perspective is used, focusing 
on the phases of the pandemic, rather than a perspective that considers the actual con-
straints imposed on the population.  

An advantage of the chosen methodology is the use of real sales data. Since also the 
progression of the pandemic variable has not been changed in hindsight, there is no 
doubt that the pandemic variable would have really improved forecasts. In addition, the 
pandemic variable is deterministic and can be incorporated without a lag. While other 
variables like weather or Google Trends Index need to be forecasted themselves 
(weather) or included with a lag of one day (Google Trends Index), the value of the 
pandemic variable is known around one week early. 

However, this work does not come without limitations and potential for future re-
search. Decision makers who are responsible for production orders in bakeries have 
three options in case of future pandemics. First, they can decide to use no pandemic 
variable at all. In Simulation 1, the test set contains all non-covid days. One-step-ahead 
forecasts followed by consecutive retraining was done using the pandemic variable. 
Although the pandemic variable needs some time to adapt, even during the first 200 
days of covid-19, the model that uses the pandemic variable outperformed the model 
that did not. These results indicate that the pandemic variable should be used, which is 
the second option. Third, decision makers can use the pandemic variable trained based 
on the covid-19 pandemic and use it their forecasting model in the beginning of the 
next pandemic. It is difficult to validate the effectiveness of option 3 because the dy-
namics of a future pandemic are not known yet. It is not certain that the relationship 
between containment measures and sales remain the same. Customers possibly change 
their behavior, for example due to accustoming to pandemics in general. To evaluate 
this, further experiments with data from different pandemics, would need to be done. 
Although the results in this paper are encouraging, more sophisticated transfer learning 
methods [27] might be useful to optimize forecasts in the future. In addition, future 
research could repeat the same experiments using XGBoost or neural networks to com-
pare the findings of this paper with different algorithms. 

In summary, the results of this study indicate that a pandemic variable is useful to 
improve forecasts accuracy in times of pandemics. In this sense, a crisis mode is nec-
essary to enable the algorithm to adapt to changing consumption behavior in times of 
pandemics. 

This study contributes to practice by showing the usefulness of variables that meas-
ure the strictness of governments’ containment measures as a reaction to pandemics in 
ML-based sales forecasting algorithms. This study contributes to theory by evaluating 
the degree to which ML based sales forecasting systems can be relied on in times of 
great societal change like pandemics. The robustness of such a system is critical for 
their acceptance and adoption. 
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