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Abstract
Human decision making in the newsvendor context has been analyzed intensively in
laboratory experiments, where various decision biases have been identified. However,
it is unclear whether the biases also exist in practice. We analyze the ordering decisions
of a manufacturer who faces a multiproduct newsvendor problem with an aggregate
service-level constraint. We find that the manufacturer broadly exhibits the same biases
as subjects in the laboratory and is prone to another bias that has not been identified
before, that is, group aggregation. The bias can be attributed to the multi-product prob-
lem of the manufacturer, and refers to the observation that the service levels are not
optimized for individual products, but rather for product groups. Our data allow us to
analyze the performance of a manufacturer in detail and we find that target service
levels are achieved effectively, but not efficiently. We provide rationales for the manu-
facturer’s ordering behavior, discuss managerial implications, and quantify the financial
benefits of debiasing ordering decisions.

K E Y W O R D S
behavioral operations, decision analysis, empirical decision making, multiproduct, newsvendor, service-level
contract

1 INTRODUCTION

The newsvendor problem is one of the fundamental problems
in operations management. The basic model considers a deci-
sion maker who is facing stochastic demand for a perishable
product and must decide how much of the product to order
to maximize expected profit. The model was introduced by
Edgeworth (1888) and many variations and extensions of the
model have been developed (Choi, 2012).
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In their seminal behavioral operations paper, Schweitzer
and Cachon (2000) analyzed ordering decisions of human
decision makers in a newsvendor setting. They conducted
experiments and found that orders deviated from the norma-
tive predictions of the newsvendor model. The subjects over-
reacted to recent demand realizations and their average order
quantities were pulled toward the mean demand. The biases
are robust and have been observed under different demand
distributions (Benzion et al., 2008), with different subject
pools (Bolton et al., 2012; Lee et al., 2018; Moritz et al.,
2013), under various framings (Katok & Wu, 2009; Kremer
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et al., 2010), and are stable over time (Bolton & Katok, 2008;
Lurie & Swaminathan, 2009; Ockenfels & Selten, 2015).
The common explanations of the biases are demand chasing
(Bolton & Katok, 2008; Lau & Bearden, 2013), anchoring
(Bostian et al., 2008), and inventory error minimization (Ho
et al., 2010; Kremer et al., 2014). For a comprehensive review
on behavioral inventory papers, we refer to Becker-Peth and
Thonemann (2018).

There exist rich bodies of literature on normative newsven-
dor models and newsvendor laboratory experiments, but the
ordering behavior of actual decision makers in a newsven-
dor environment has not been analyzed. We take a first step
toward filling this gap. In this paper, we analyze the orders of
a manufacturer who distributes bakery products via the stores
of one of Europe’s largest retailers. The problem that the
manufacturer faces is a newsvendor-type problem: Demand is
uncertain, products are perishable, and the products’ shelf life
and selling period are one day without replenishment during
the day. However, unlike in the standard newsvendor model,
the manufacturer does not face an unconstrained optimization
problem, but must ensure a minimum service level. More pre-
cisely, the manufacturer has to ensure that a certain fraction
of the products is in stock at the end of the day, that is, he
must achieve an aggregated target service level.

The newsvendor problem with the specific aggregate
service-level constraint that the manufacturer faces has not
been analyzed before in the literature. We analytically derive
the optimal ordering decision for the problem. In the opti-
mal solution, service levels are differentiated across products
based on the demand uncertainties, unit revenues, and unit
costs of products. We compare the actual order quantities
with the optimal quantities and find that the manufacturer’s
ordering decisions are effective, but not efficient. The man-
ufacturer achieves the aggregated target service level gener-
ally, but at costs well above the optimal cost. The efficiency
gap can be attributed to three effects: behavioral forecasting,
inventory error minimization, and group aggregation. The
first two effects were identified in previous laboratory exper-
iments and we find empirical evidence for them in the order
data of the manufacturer. The third effect, group aggregation,
has not been identified before. It refers to the observation that
service levels are differentiated per product groups, but not
per individual product. This approach simplifies the task but
harms efficiency.

Our results have important implications for behavioral
operations management research. Research in this area has
relied on analytical models and laboratory experiments, and
the behavioral operations management community has dis-
cussed extensively how well the results of laboratory experi-
ments translate into practice. We analyze the inventory deci-
sions of an actual manufacturer in a newsvendor environment
and show that the biases that have been identified in the labo-
ratory also exist in practice.

Our results are of interest not only to researchers but also
to practitioners. We quantify the magnitude of the financial
benefits of eliminating decision biases by comparing the
manufacturer’s performance with the performance that the
manufacturer would have achieved if he had implemented

an unbiased solution. The results show that eliminating
behavioral biases increases the operating profit substantially.

2 ANALYTICAL MODEL

The manufacturer that we analyze in this paper distributes
N products via multiple stores of a retailer. For each unit of
product i that is sold at the retailer, the manufacturer receives
a unit revenue of ri. The unit cost of product i is ci and left-
over inventory has negligible salvage value. Excess demand
is lost. The manufacturer must decide how many units of each
product to deliver to each store. We refer to this quantity as
order quantity.

Depending on the contribution margins of the products, the
expected profit maximizing orders can result in lower service
levels than the retailer requires. To avoid low availability of
products at the end of a day, the retailer requires that the man-
ufacturer achieves a service level per store of at least �̄�. The
retailer uses a Type-I service level that measures the aver-
age fraction of products available at the end of the day. The
manufacturer can vary the service levels among the products,
but an average service level of at least �̄� across all products
must be achieved at each store. This means that on average,
�̄� percent of the products must be available in each store. The
manufacturer has agreed to achieve the target service level,
but the consequences of falling short of it have not been
formally specified. However, there exists a mutual under-
standing between the manufacturer and the retailer that the
business relationship is sustainable only if the target service
level is generally achieved. For our model, we assume that
the manufacturer’s objective is maximizing expected profit
under the constraint that the aggregated target service level
is achieved.

The manufacturer’s optimization problem can be solved
for each store individually and we next consider a single
store. The solution to the optimization problem takes place
in two stages. First, the manufacturer estimates the demand
distribution for each product and then solves a multiproduct
newsvendor problem.

2.1 Demand forecasting

We denote the demand for product i in period t by Yi,t. We
consider normally distributed demand with mean 𝜇i,t and
standard deviation 𝜎i,t, that is independent between products
and stores.

In retail environments like the one that we consider,
demand is typically autocorrelated (van Donselaar et al.,
2010). It can be modeled as an ARIMA(0,1,1) time series,
for which single exponential smoothing is the mean squared
error minimizing forecasting method (Chatfield, 2001), and
we use this approach in our model.

The manufacturer receives censored demand information,
that is, he does not observe demands yi,t but observes sales
si,t = min{yi,t, qi,t} at the end of period t. Demands that
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exceed the order quantity qi,t must be estimated. A standard
approach is to estimate demands based on sales by (Bell,
1981; Wecker, 1978)

ŷi,t =

{
si,t if si,t < qi,t

E(Yi,t|yi,t ≥ qi,t) if si,t = qi,t.
(1)

If sales are below the order quantity (si,t < qi,t), then the
demand is uncensored and equal to sales. If sales are
equal to the order quantity (si,t = qi,t), then the demand
is at least as high as the order quantity and is esti-
mated by the conditional expectation E(Yi,t|yi,t ≥ qi,t) =

∫ ∞

qi,t
xf̂ i,t(x)dx ∕ ∫ ∞

qi,t
f̂ i,t(x)dx, where f̂ i,t(x) is the estimate of

the density function of the demand for product i in period t.
Based on the estimate of the demand of the previous

period, ŷi,t, and the demand forecast of the previous period,
�̂�i,t, the expected demand of the following period is estimated
using exponential smoothing as

�̂�i,t+1 = 𝜂 ŷi,t + (1 − 𝜂)�̂�i,t, (2)

where 𝜂 denotes the smoothing factor.
The variance �̂�2

i,t+1 of the demand distribution is estimated
based on the average squared forecast error. The density func-
tion of the demand of product i for period t + 1, f̂i,t+1(y) is a
normal distribution with mean �̂�i,t+1 and standard deviation
�̂�i,t+1. We denote the corresponding distribution function by
F̂i,t+1(y).

We neglect demand substitution effects, which seems rea-
sonable in the setting that we analyze. In our application, sub-
stitution rates are small and the impact on the resulting order
quantities and profits is negligible. We evaluated the effect of
substitution on the manufacturer’s profit and found that order
quantities differ by 1.1% on average and the realized profit
would be 0.6% higher than the optimal solution without sub-
stitution. To keep the following models analytically tractable
and the behavioral analyses technically feasible, we disregard
substitution effects in the model.

2.2 Newsvendor system approach

The manufacturer’s objective is to maximize expected profit,
subject to a constraint on the service level. The probability
that product i is available at the end of a period is F̂i(qi).
The optimization problem can be decomposed by day and
we have dropped subscript t for notational convenience. The

average service level at the store is
1

N

∑N
i=1 F̂i(qi) and must

be at least �̄�.
The optimization problem is

Z∗ = max
q1,…,qN

N∑
i=1

∫yi

(ri min(qi, yi) − ci qi)f̂i(yi)dyi (3)

s.t.
1
N

N∑
i=1

F̂i(qi) ≥ �̄�, (4)

qi ≥ 0. (5)

If Constraint (4) is not binding, optimal order quantities
are determined for each product individually by the standard
newsvendor formula, that is, q∗i = F̂−1

i (
ri−ci

ri
). Then, the ser-

vice level of product i is equal to its critical ratio CRi =
ri−ci

ri
.

If the service level constraint is binding, the following theo-
rems hold. The optimality conditions are stated in Theorem 1.
The proof is contained in Appendix A.

Theorem 1. The optimal order quantities fulfill the following
conditions:

ci F̂i(q
∗
i ) − (ri − ci) (1 − F̂i(q

∗
i ))

f̂i(q
∗
i )

=
cj F̂j(q

∗
j ) − (rj − cj)(1 − F̂j(q

∗
j ))

f̂j(q
∗
j )

i, j = 1, … ,N.

(6)

The theorem states the optimality conditions in terms of
the order quantities. Some of our analyses will be based on
service levels. For such analyses, it is more convenient to use
the service-level definition 𝛼∗i = F̂i(q

∗
i ) and rewrite Equation

(6) as

ri 𝛼
∗
i − ri + ci

1

�̂�i
f (z(𝛼∗i ))

=
rj 𝛼

∗
j − rj + cj

1

𝜎j
f (z(𝛼∗j ))

i, j = 1, … ,N, (7)

where f (⋅) denotes the density function of a standard nor-
mal distribution and z(𝛼) = F−1(𝛼) the z-value of the inverse
cumulative standard normal distribution function.

The optimality conditions have an intuitive interpretation.
The numerator is the expected cost increase of a marginal
order quantity increase in product i, that is, dZ∕dqi =

ri 𝛼
∗
i − ri + ci. The denominator is the expected service-

level increase of a marginal order quantity increase, that is,
d𝛼i∕dqi = 1∕�̂�i f (z(𝛼∗i )). The ratio of both is the expected
cost increase of a marginal service-level increase and the
optimality condition requires it to be the same for all
products.

In the optimal solution, the service levels are differentiated
based on the characteristics of the products and the demand,
which is formally stated in Theorem 2.

Theorem 2. The optimal service level 𝛼∗i of product i

(a) increases in the unit revenue ri;
(b) decreases in the unit cost ci; and
(c) decreases in the standard deviation of the demand 𝜎i.

3 BEHAVIORAL MODELS

The planning task consists of two subtasks, demand fore-
casting and inventory optimization. Literature has identified
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several decision biases for these subtasks that might be rele-
vant in our setting. For behavioral forecasting, we will ana-
lyze system neglect behavior and for behavioral inventory
management, we will look at group aggregation, anchoring,
and inventory error minimization.

3.1 Behavioral demand forecasting

Behavioral operations management literature suggests that
actual ordering decisions are more than optimally adjusted
toward recent demand realizations, an effect referred to as
demand chasing (for instance, Bolton & Katok, 2008; Bos-
tian et al., 2008; Schweitzer & Cachon, 2000). Other studies
with stationary demand forecasts focus on how subjects sam-
ple historical data to estimate future demand (Tong & Feiler,
2017). They find that subjects naively sample too few obser-
vations from historical data to estimate the mean point fore-
cast. Another study on stationary demand forecasts analyzes
how censored demand settings impact the estimate of point
forecasts (Feiler et al., 2013). They find that subjects show
a censorship bias, that is, they underestimate the extent of
unobserved lost sales and “rely too heavily on the observed
censored sample” (Feiler et al., 2013). For a comprehensive
review on studies in behavioral forecasting, see Goodwin
et al. (2018).

Focusing on demand series forecasting, Kremer et al.
(2011) analyze how subjects forecast autocorrelated time
series similar to ours. They found that subjects’ forecast-
ing behavior in correlated demand environments is consis-
tent with the mechanics of a single exponential smoothing
forecast. However, subjects overadjust in settings where they
should not adjust (corresponding to small 𝜂) and underad-
just in settings where they should adjust (high 𝜂). In our set-
ting, we also have autocorrelated demand and we will use
their approach.

Based on their findings, we model forecasting as

𝜇B
i,t+1 = b𝜂i,t ŷi,t + (1 − b𝜂i,t)𝜇

B
i,t, (8)

where 𝜇B
i,t+1 denotes the behavioral forecast of the demand

of product i in period t + 1. The mean squared error mini-
mizing smoothing factor 𝜂i,t is determined per product and
weekday and is updated each period. The only difference
between Equation (8) and the forecasting model of our ana-
lytical model (Equation 2) is the behavioral forecasting fac-
tor b. For a behavioral forecasting factor of 1, there exists
no forecasting bias and the models are identical. A behav-
ioral forecasting factor b > 1 indicates overreaction to recent
demand realizations and a factor b < 1 indicates underre-
action (Kremer et al., 2011). Such modeling is parsimo-
nious while describing human behavior quite well (Good-
win et al., 2018). We refer to the model taking behav-
ioral forecasting into account as Model 1 in our subsequent
analysis.

3.2 Behavioral inventory optimization

Based on the demand forecasts, the order quantities are opti-
mized. In an optimal solution, the order quantities are cho-
sen, such that the target service level is reached and expected
profits are maximized. The service levels then depend on
the demand uncertainties, unit revenues, and unit costs of
the products (Theorem 2). However, literature on behav-
ioral inventory management suggests various deviations from
expected profit maximizing behavior. Prominent observations
include anchoring (Bolton & Katok, 2008) and ex post inven-
tory error minimization (Kremer et al., 2014). Before we look
at these factors, we will introduce a factor that is specific to
our setting, we refer to this as group aggregation.

3.2.1 Group aggregation

In our setting, the manufacturer must optimize service levels
for 23 products. This is analytically challenging. A potential
simplification would be to split the products into G different
groups and optimize the service level per group g = 1, … ,G.
Each group then consists of a set of products Vg. The num-
ber of products, ng, in a group may vary between groups. The
decision variable is then 𝛼g as the service level for each prod-
uct in a group.

The optimization problem of the manufacturer can be for-
mulated as follows:

max
G∑

g=1

∑
i∈Vg

(
(ri − ci)qi − ri ∫

qi

0
Fi(x)dx

)
(9)

s.t.
1
N

G∑
g=1

ng𝛼g = �̄� (10)

F̂i(qi) = 𝛼g, ∀i ∈ Vg. (11)

This results in the following optimality condition:

∑
i∈Vg

(
ri(1 − 𝛼g) − ci

) dqi

d𝛼g
+
𝜆

N
ng = 0, g = 1, … ,G,

(12)

with
dqi

d𝛼g
=

𝜎i

f0,1(zi)
, zi = zg =

qi−𝜇i

𝜎i
, ∀i ∈ Vg.

Such a model can be seen as a kind of heuristic for the deci-
sion maker. Using aggregated product groups leads to simi-
lar target service levels within a group. This results in less
than optimal within-group differentiation compared to opti-
mal individual product-based differentiation. The actual tar-
get service levels of the groups and between groups depend
on the group composition. We will refer to the model with
group aggregation as Model 2.
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3.2.2 Anchoring

Tversky and Kahneman (1974) observed that people who
solve a decision task often start with an initial solution that
is based on simple features and then adjust the solution
toward the optimal solution. Because the final solution is
often anchored on the initial solution and not adjusted all the
way toward the optimal solution, the heuristic is referred to
as the anchoring and insufficient adjustment heuristic.

The anchoring and insufficient adjustment heuristic has
been used to explain ordering decisions in the newsvendor
problem. A natural anchor in the expected cost minimization
models that have been used in the literature is mean demand
(e.g., Bolton & Katok, 2008; Bostian et al., 2008; Schweitzer
& Cachon, 2000). However, unlike the newsvendor problems
considered in previous behavioral research, the problem we
consider has a service-level constraint. The retailer regularly
communicates the target service level to the manufacturer and
informs him if he misses the target. Therefore, the target ser-
vice level is a candidate for a natural anchor for the manufac-
turer’s ordering decisions.

We model anchoring using an approach similar to that
of Bostian et al. (2008) and introduce an anchoring factor
a, 0 ≤ a ≤ 1. While Bostian et al. (2008) model anchoring
on mean demand, we use the target service level �̄� as an
anchor:

qi,t = a F̂−1
i,t (�̄�) + (1 − a) F̂−1

i,t (𝛼∗i ) = a q�̄�i,t + (1 − a)q∗i,t.

(13)

Under the anchoring model, the manufacturer first determines
the order quantity of product i that results in a service level
of �̄�, that is, q�̄�i,t = F̂−1

i,t (�̄�) and then adjusts the order quantity

toward the optimal solution q∗i,t = F̂−1
i,t (𝛼∗i ). The order quan-

tity is a weighted average of the anchor and the optimal quan-
tity, with weights a and (1 − a), respectively. Setting a = 1
(i.e., full anchoring) leads to a service level of �̄� for each
product. This means that there is no differentiation between
products. A weight a = 0 leads to optimally differentiated
service levels.

As a result, we conclude that increasing the anchoring
factor (a) leads to product service levels that are pulled
toward the aggregated target �̄�. This decreases differentiation
between products. Consequently, the anchoring and insuffi-
cient adjustment heuristic results in service levels that are
between the optimal service levels and the target service
level. We will refer to this model as Model 3. The anchor-
ing heuristic can also be used in addition to the group aggre-
gation model. In this case, the manufacturer does not deter-
mine optimal service levels for each product, but for each
product group and adjusts toward this group-specific solu-
tion. Technically, the manufacturer uses F̂−1

i,t (𝛼∗g ) in Equation

(13) instead of F̂−1
i,t (𝛼∗i ), and we will refer to this model as

Model 4.

3.2.3 Inventory error minimization

The behavioral operations management literature has sug-
gested inventory error preferences as a potential explanation
for ordering behavior (Kremer et al., 2010, 2014). Ho et al.
(2010) argue that psychological costs are associated with
leftovers and stockouts and that the psychological aversion
to leftovers is greater than the disutility for stockouts. This
model is a generalization of the model used by Schweitzer
and Cachon (2000), where the psychological underage and
overage costs are the same.

We use a similar model as Ho et al. (2010) to analyze
whether inventory error minimization can explain the man-
ufacturer’s ordering behavior. We denote the psychological
cost associated with a unit of leftover inventory by 𝛿o and the
psychological cost associated with a unit stockout by 𝛿u. The
psychological costs are added to the monetary underage costs
(cu

i = ri − ci) and overage costs (co
i = ci). The optimization

model is

Z∗ = max
q1,…,qN

N∑
i=1

∫yi

(ri min(qi, yi)

− ci qi + 𝛿o[qi − yi]
+ + 𝛿u[yi − qi]

+)f̂i(yi)dyi (14)

s.t.
1
N

N∑
i=1

F̂i(qi) ≥ �̄�, (15)

qi ≥ 0. (16)

The objective function corresponds to the objective function
of the base model (3) but with adapted over- and underage
costs. The optimality conditions are

(co
i + 𝛿o) F̂i(qi) − (cu

i + 𝛿u) (1 − F̂i(qi))

f̂i(qi)

=
(co

j + 𝛿o) F̂j(qj) − (cu
j + 𝛿u) (1 − F̂j(qj))

f̂j(qj)
∀i, j

(17)

and we will refer to the model as Model 5.
The model of Ho et al. (2010) has no service-level con-

straint and inventory error minimization pulls orders toward
the mean demand. In our setting, service-level differentia-
tion in the optimal solution is (besides demand uncertainty)
driven by differences in unit revenues and unit costs of the
product, and thus by differences in the underage and over-
age costs. To analyze the impact of psychological costs in our
setting, it is important to consider that critical ratios, which
include psychological underage and overage costs, vary less
between products than critical ratios, which do not include
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TA B L E 1 Overview of behavioral models analyzed

Decision biases Optimal Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

Behavioral forecasting ✓ ✓ ✓ ✓ ✓ ✓

Group aggregation ✓ ✓ ✓

Anchoring ✓ ✓

Inventory error minimization ✓ ✓

the psychological costs. Assuming the same demand variance
between products, this results in more similar target service
levels between products. Because of the aggregated service-
level constraint, this results in service levels that are pulled
toward aggregated target service level �̄�. We can again com-
bine the model with the group aggregation model described
before and refer to the resulting model as Model 6.

Table 1 summarizes the behavioral models that we will
test, and we will use the normative solution of Section 2.2
as a benchmark. Model 1 adds the first decision bias and
considers behavioral forecasting, but optimal approaches for
determining order quantities. As we will demonstrate, behav-
ioral forecasting improves the model fit considerably, so we
use it in all behavioral models. Models 2, 3, and 5 each add
an inventory optimization bias to Model 1. Model 2 adds
group aggregation, Model 3 adds anchoring, and Model 5
adds inventory error minimization. These models allow us to
analyze the significance of individual optimization biases and
their effects on the model fits. In Models 4 and 6, we ana-
lyze combinations of the biases. Model 4 uses group aggre-
gation and anchoring and Model 6 uses group aggregation
and inventory error minimization. Anchoring and inventory
error minimization offer alternative explanations for order-
ing behavior. Because it is unclear how models that contain
both decision biases can be interpreted, we do not analyze
them.

To summarize, we will analyze four behavioral factors. (1)
Behavioral forecasting: We expect decision makers to put too
much weight on recent demand realizations. This will result
in biased forecasts that will have a lower forecast accuracy
and performance. (2) Group aggregation: Simplifying tasks
by not optimizing 23 different service levels, but grouping
products together will lead to product clusters that have sim-
ilar service levels. Service levels will differ between groups,
but within-group differentiation will be small. (3) Anchoring:
In our setting, the decision makers need to ensure a certain
target service level. Therefore, anchoring on mean demand
is not feasible because it would lead to too low service lev-
els. However, we expect decision makers to anchor on the
overall target service level. That would lead to too little dif-
ferentiation between products with all products being pulled-
to-target. (4) Inventory error minimization: Similar to other
behavioral newsvendor studies, this factor is an alternative
explanation for the expected pull-to-target effect. Adjusting
actual cost by adding psychological costs reduces differences
in product costs and, consequently, results in more similar
target service levels.

4 EMPIRICAL DECISION ANALYSIS

After developing the analytical and behavioral models, we are
analyzing empirical decisions of the manufacturer in this sec-
tion. We first describe the details of the case and then analyze
the service level achieved per store and per product to see
if the results are in line with the analytical model. Then, we
analyze the behavioral models and their predictions and test
which biases can be observed with the empirical newsvendor.

4.1 Setting and data

The manufacturer has a product portfolio with 23 bakery
items (breads, buns, rolls, pastries, etc.) that are sold at 66
stores of a retailer. The products have a shelf life of one day
and the manufacturer replenishes the retailer’s shelves every
morning before the stores open. The manufacturer decides on
the order quantities and must ensure that on average at least
�̄� = 70% of the products are available at the end of a day in
each store. The business model is comparable to a vendor-
managed inventory model. The manufacturer owns the prod-
ucts until they are sold and carries the overage risk. When a
product is sold, the manufacturer receives a fraction of the
final selling price.

The manufacturer is a family-owned business with about
150 employees and more than 20 years of experience in pro-
ducing, delivering, and inventory planning for perishable bak-
ery products. The production quantity decision is made on the
day before the items are delivered to the stores that are then
produced during the night. Early in the morning, the manu-
facturer delivers the items to the stores and picks up any left-
over inventory from the previous day. His information sys-
tem allows the manufacturer to observe past sales for each
product and at each store. The data are then forwarded to
the manufacturer’s production department that analyzes the
data, tracks performance, and makes the production quantity
decisions. The department consists of several employees who
make these decisions, but it is neither tracked nor transpar-
ent for the retailer which one of the manufacturer’s employ-
ees made a decision. All employees of the production depart-
ment have several years of work experience in this field and
mainly rely on their judgment when making production quan-
tity decisions.

The retailer is one of the main customers of the man-
ufacturer. Although there is no monetary penalty if the
manufacturer fails to achieve the target service level, the
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manufacturer is aware that continuously underachieving it
could risk losing the contract with the retailer. The service
level can be tracked both by the manufacturer and the retailer.
If the retailer observes repeated underachievement of the
service level, they discuss the issue with the manufacturer
and identify potential solutions.

We collected daily order quantities and hourly sales from
November 15, 2010 to December 7, 2012. The stores were
open from Monday through Saturday from 8 a.m. to 8 p.m.
They were closed on public holidays, which affected sales
on the day before and the day after a public holiday, so
we excluded these days from our analyses. We also had to
exclude two of the stores. One was used by the manufacturer
to supply the workers of a nearby company and we could not
separate the deliveries for the workers from the replenishment
quantities of the store. The other had a bug in the data collec-
tion module of the information system, which meant we could
not obtain reliable sales data from that store.

The manufacturer’s product assortment can be classified
into three main product types—bread, rolls, and pastry. There
are 11 different types of breads that differ by flour (e.g.,
wheat, rye, spelt), additional ingredients such as seeds, and
other characteristics (e.g., organic, cut into slices, half/whole
loaf). Additionally, the assortment consists of four types of
rolls and eight different pastries. Of the 23 products in the
portfolio, 16 are produced by the manufacturer and 7 are pur-
chased from an external supplier by the manufacturer. We
refer to these products as Make and Buy products, respec-
tively, a segmentation that will be important in our subsequent
analyses. The customer cannot distinguish between Make or
Buy products because the packaging for all products is simi-
lar for products of the same type and does not differ by Make
or Buy category.

A commonly used classification in inventory management
is ABC analysis. Products are clustered into three categories
(A, B, C) based on their contribution to total cost. The top
20% of products (i.e., the ones with the highest total cost)
are classified as A products, the next 30% are classified as B
product, and the last 50% are labeled as C products (Lysons &
Farrington, 2006; Teunter et al., 2010). Applying ABC analy-
sis to our setting results in 5 A products, 7 B products, and 11
C products. In empirical settings, A products often account
for 80% of total cost, B products account for the next 15%,
and C products only for the remaining 5%. This is different
in our setting, where A products account for 42%, B products
for 32%, and C products for 26% of total cost. This indicates
that the classification is qualitatively comparable to other set-
tings, but the order of magnitude of the difference between
products is smaller. Column 10 in Table 2 shows the classi-
fication for our setting. We see that this classification is dif-
ferent from the Make–Buy categorization. We will use both
classifications in later analyses.

The characteristics of the products are summarized in
Table 2. Mean and standard deviation of (estimated) demand
are denoted by �̂�i and �̂�i, respectively. Column ci shows the
variable unit costs, which include the purchase cost of the
ingredients (Make products) or products (Buy products), vari-

able labor costs, and variable energy costs. Column ri shows
the unit revenues that the manufacturer receives from the
retailer for the products that are sold via the stores. The vari-
able unit costs and unit revenues have been sanitized by mul-
tiplying them by the same factor as requested by the company.
Column CRi shows the critical ratios of the products that cor-
respond to the service levels of unconstrained expected profit
optimization. Column SLi contains the achieved service level
for each product. The last two columns contain the mean and
standard deviation of the manufacturer’s order quantities (qi)
across all stores and days.

4.2 Service levels by store

Figure 1 shows the average service levels that the manufac-
turer achieves in each store. The dashed line indicates the tar-
get service level of 70%. We observe that the actual aver-
age service levels are often close to the target service level.
They range from 66.5% (Store 49) to 73.6% (Store 59), with
an overall average of 69.3%. To test the differences between
actual store service levels and target service levels, we use
the Wilcoxon signed-rank test because a test of normality of
store service levels revealed a significant deviation from the
normal distribution for 52 of 64 stores (Shapiro–Wilk test
with p = 0.1). Store service levels are not significantly dif-
ferent from 70% for 38 of our 64 stores (test of daily service
level per store, p > 0.1). Twenty-six stores achieve a service
level significantly different from 70%, of which seven achieve
a service level above 70%. This indicates that the manufac-
turer’s ordering decisions are reasonably effective in achiev-
ing the target service level. Over time, there is no significant
trend in the average monthly service level (OLS regression,
p = 0.182 for time variable). The weekday also has no sig-
nificant effect on average service levels (K-sample median
test, two-sided, p > 0.516 for all weekday pairs).

We conclude that the decisions are effective because the
service levels are close to the target service level at the store
level. To analyze whether the service levels are differentiated
as suggested by the analytical model, that is, efficient, we next
compare the actual with the optimal service levels at the prod-
uct level.

4.3 Service-level differentiation by product

In the optimal solution, the manufacturer considers demand
uncertainties, unit revenues, and unit costs when making
service-level decisions (Theorem 2). Because the factors dif-
fer across products, the optimal service levels differ across
products. The left graph in Figure 2 shows the average opti-
mal service levels for all products and compares them with
the average actual service levels.

We observe heterogeneity in the actual average service
levels, which indicates that the manufacturer differentiates
service levels by product. However, the correlation between
the average actual and optimal service levels of 0.281 is
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TA B L E 2 Product characteristics

Product type Category i �̂�i �̂�i ci ri CRi (%) SLi (%) ABC Mean(qi) SD(qi)

Bread Make 1 21.99 10.72 0.49 0.71 31.0 77.4 A 25.03 11.11

2 10.01 5.29 0.33 0.70 52.9 78.6 C 12.96 5.87

3 10.87 4.98 0.41 0.96 57.3 76.0 C 13.68 5.27

4 8.64 4.61 0.26 0.79 67.1 74.0 C 11.13 4.80

5 5.84 3.69 0.30 1.00 70.0 72.1 C 7.92 3.99

6 5.73 3.32 0.55 1.18 53.4 69.0 C 7.47 3.40

7 13.01 6.66 0.55 1.19 53.8 66.1 B 16.10 7.02

8 5.41 3.65 0.31 0.68 54.4 77.9 C 7.49 4.18

Buy 9 9.85 7.81 0.64 0.72 11.1 77.6 C 9.90 7.36

10 18.11 9.44 0.37 0.42 11.9 77.8 B 20.02 10.29

11 14.31 7.02 0.60 0.68 11.8 68.9 B 18.21 9.20

Rolls Make 12 11.02 5.40 0.59 0.75 21.3 68.1 C 14.72 6.06

13 16.22 7.62 0.59 0.81 27.2 72.9 A 21.64 9.45

14 7.59 4.63 0.26 0.63 58.7 72.2 C 9.63 4.93

Buy 15 39.72 21.25 0.45 0.51 11.8 78.6 A 41.73 20.74

Pastry Make 16 4.95 3.23 1.00 1.35 25.9 67.0 C 6.93 3.70

17 7.94 5.00 1.00 1.52 34.2 47.5 B 8.95 4.91

18 9.83 4.97 0.69 1.16 40.5 57.3 B 12.15 5.27

19 11.35 5.25 0.60 1.04 42.3 66.1 B 13.98 5.55

20 6.93 3.90 0.75 1.19 37.0 61.9 C 8.32 4.26

Buy 21 25.26 11.15 0.73 0.82 11.0 65.4 A 24.05 10.70

22 10.80 8.76 0.90 1.09 17.4 58.1 A 11.75 8.64

23 8.61 6.25 0.89 1.08 17.6 66.3 B 11.43 7.20

F I G U R E 1 Average service levels by store (with 95% confidence intervals)

significantly below 1 (p < 0.001) and only weakly signif-
icantly different from 0 (Kendall’s tau, p = 0.061), which
indicates that the manufacturer uses a different approach than
the one suggested by the analytical model.

Determining the optimal service levels for 23 individ-
ual products is complex, and a simpler approach is to
differentiate service levels by grouping products into cat-
egories. In discussions with the retailer and manufac-

turer, products were often categorized into Make and Buy
products. Although customers cannot distinguish between
the two categories, the retailer and manufacturer are
aware of the differences in profitability. This is also
reflected by Make products having a higher average crit-
ical ratio than Buy products (CRMake = 38.7%, CRBuy =

28.6%). Therefore, it is optimal to choose higher service
levels for Make products than for Buy products. To analyze
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F I G U R E 2 Average actual versus optimal service levels in the product portfolio

whether such a differentiation is used by the manufacturer,
we analyze the service levels in each product category.

The middle and right graphs in Figure 2 show the results.
We observe a higher average actual service level for Make
than for Buy products. Within each product category, the
average actual and optimal service levels are not significantly
correlated (Kendall’s tau, p > 0.528). This indicates that the
manufacturer differentiates service levels by product cate-
gory but does not differentiate service levels within prod-
uct categories as suggested by the analytical model. How-
ever, we observe variations in the average actual service levels
across products and next analyze potential drivers behind the
variations.

Summarizing the analyses of this section, we find evi-
dence that the manufacturer has made effective but ineffi-
cient decisions. The manufacturer is essentially achieving
the target service level, but the differentiation of the prod-
ucts is not optimal and rather focused on the distinction
between Make and Buy products. Therefore, we will apply
the grouping model (Section 3.2.1) to this special case of two
groups. We will extend the analysis to other groupings in Sec-
tion 4.5. In the next section, we will discuss the data in more
detail and test our behavioral models for the manufacturer’s
decisions.

4.4 Evaluation of behavioral models

Before estimating the behavioral parameters and comparing
the behavioral models, we will discuss some specifications
and general insights regarding the two subtasks forecasting
and inventory management.

4.4.1 Behavioral forecasting

The manufacturer faces autocorrelated demand and has not
observed sales of the previous day when deciding the order

F I G U R E 3 Autocorrelation coefficients of demand for various time
lags

quantity for the current day. For instance, when determining
the order quantity for Friday, the manufacturer has not yet
seen Thursday’s demand and must rely on information from
Wednesday and earlier days and weeks.

Figure 3 shows the autocorrelation of demand. It suggests
that the manufacturer’s best choice is to use demand infor-
mation from the same weekday in previous weeks because
the autocorrelation of the demand is the highest for a time
lag of six days. Note that stores are closed on Sundays so
that six days correspond to one week. The figure also shows
that weekly autocorrelation is higher than daily autocorre-
lation (dotted bar), which has commonly been observed in
grocery retailing environments (van Donselaar et al., 2006,
2010). Therefore, we will use a time lag of one week in the
forecasting model. For notational convenience, we denote the
current day by t and the same weekday of the following week
by t + 1. We estimated the optimal smoothing factor 𝜂 for our
data set by minimizing the mean squared forecast error. The
optimal smoothing factor is 𝜂∗ = 0.25. Given the optimal 𝜂∗,
our setting corresponds to a “low-adjustment” case in Kre-
mer et al. (2011) and we expect an overadjustment (b > 1).
We will estimate the parameter below.
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F I G U R E 4 Average service levels for Make and Buy products for optimal differentiation, group optimization, and average actual service level

4.4.2 Behavioral inventory
management—Group aggregation

We compare the actual service levels with the service
levels of the analytical solution. For our grouping model
(Section 3.2.1), we assume a Make and Buy grouping as
discussed in Section 4.3. We find that service-level differ-
entiation between products is not as strong as predicted by
the analytical model. Figure 4 illustrates the service levels
of the two product groups for the optimal solution, the
Make-Buy group aggregation model, and the actual orders.
We observe that the group aggregation model results in
service levels that are closer to the actual service levels
than those of the optimal solution. We note that this effect
does not need any estimated parameter, but is the result of
optimizing target service levels only for the two product
groups.

However, Figure 4 also shows that there remains a gap
between the service levels of the group aggregation model
and the actual average service levels. This difference might be
explained by anchoring (on target service level) and inventory
error minimization and we will analyze the behavioral mod-
els in detail next. We note that anchoring on mean demand
cannot explain the ordering behavior that we observe. If the
manufacturer anchored order quantities on mean demand and
insufficiently adjusted them toward the target service level,
we would observe service levels between 50% and 70%.
However, the manufacturer essentially achieves the target ser-
vice level of 70%, which indicates that the manufacturer does
not use mean demand as an anchor. This supports our model-
ing in Section 3.2.2.

4.4.3 Model estimation and evaluation

Before estimating the different behavioral models from
Table 1, we first analyze how well the optimal decision model
fits the empirical data. The rational model will serve as a ref-
erence point.

Column Optimal of Table 3 reports the fit of the norma-
tive solution, that is, the solution with a behavioral forecast-
ing factor of b = 1 and with optimal product-specific service
levels. To take into account that we fitted coefficients in Mod-
els 1–6 and did not fit coefficients for the optimal model, we
analyze the Bayesian information criteria (BICs) of the mod-
els to compare model fits. For convenience of interpretation,
we report the difference in the BICs (ΔBIC) of the models

relative to the smallest BIC of all models analyzed, that is,
Model 6.

To estimate the behavioral forecasting factor b, we used
the behavioral forecasting model in the analytical optimiza-
tion models (3) and (4) and conducted a maximum-likelihood
estimation of the factor. For given values of b, we determined
the order quantities for each store, product, and day and their
likelihoods. We chose the parameter value of b that resulted
in the highest likelihood. To obtain robust estimates for b and
its standard error, we performed a bootstrap with 100 repli-
cations (Boone et al., 2008). Note that we tested the conver-
gence of our estimates over the number of replications (Cher-
nick, 2011) and find that the estimates are already robust for
smaller numbers of replications.

Column Model 1 of Table 3 shows the results of the param-
eter estimation and the value of the likelihood. The behavioral
forecasting factor with the highest likelihood is b = 1.75 and
is significantly different from 1 (p < 0.001). Thus, we find
an indication for overreaction to recent demand observations.
To understand the impact of behavioral forecasting, we
analyze the forecasts and the resulting root mean squared
error (RMSE). We find that the mean of the behavioral fore-
casts is similar but with slightly higher RMSE. On average,
the mean is 0.34% smaller under the behavioral forecast
compared to the optimal forecasting, while RMSE increases
by 3.48% under the behavioral forecast compared to optimal
forecasting. We conclude that behavioral forecasting
decreases the forecasting performance. Detailed analy-
ses on the monetary impact of this factor will be shown in
Section 4.6.

Model 1 has a smaller BIC than the optimal model and
we conclude that including behavioral forecasting explains
the manufacturer’s ordering behavior better than the opti-
mal model without. The magnitude of the differences in the
BICs is large and we will include behavioral forecasting in all
other models. We cannot use the chi-square test to compare
our models because not all of them are nested. To compare
all models analytically, we will use the model confidence set
(MCS) at the end of this section (Hansen et al., 2011).

Column Model 2 of Table 3 shows the results of the group
model optimization. The optimal group service levels are the
results of the optimization. The behavioral forecasting fac-
tor was determined by maximum-likelihood estimation using
the same approach that we used for estimating b in Model 1.
The likelihoods and BICs indicate that the group aggregation
model has a significantly better fit than Model 1 and than the
optimal model.
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TA B L E 3 Maximum-likelihood estimation of behavioral model parameters and quality of fits

Optimal Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

Behavioral forecasting factor (b) 1.750*** 1.790*** 1.810*** 1.790*** 1.750*** 1.790***

(0.045) (0.038) (0.031) (0.038) (0.031) (0.039)

Group service levelsa

- Make products (𝛼M) 0.584 0.591 0.590

- Buy products (𝛼B) 0.749 0.746 0.747

Anchoring factor (a) 0.493*** 0.057***

(0.004) (0.007)

Inventory error

- Psychological overage cost (𝛿o) 4.219*** 0.003

(0.127) (0.010)

- Psychological underage cost (𝛿u) 3.045*** 0.223***

(0.135) (0.043)

Log-likelihood −541,160 −537,851 −530,431 −531,356 −530,401 −531,036 −530,385

BIC 1,082,331 1,075,714 1,060,874 1,062,737 1,060,826 1,062,110 1,060,807

ΔBICb 21,524 14,907 67 1,930 19 1,303 0

MCSc <0.0001 <0.0001 0.008 <0.0001 0.019 <0.0001 x

Abbreviations: BIC, Bayesian information criteria; MCS, model confidence set.
aValues are the results of an optimization, not of a parameter estimation. Therefore, no significance can be reported.
bΔBIC is the difference between the BIC of the model and the lowest BIC of all models.
cModel with “x” is included in the MCS, for other models the p-value for exclusion is reported.
***p < 0.01, ∗∗ p < 0.05, and ∗ p < 0.10; standard errors are in parentheses.

In Models 3 and 4, the anchoring factor a is significantly
different from 0. To analyze whether anchoring provides a
better explanation of the manufacturer’s ordering behavior
than does group aggregation, we compare the BICs of Mod-
els 2 and 3. The BIC of Model 3 is 1,863 above that of Model
2 and we conclude that the individual anchoring model is per-
forming worse than the group aggregation model.

To analyze whether group anchoring, which uses anchor-
ing in addition to group aggregation, improves the fit of the
model, we compare the BICs of Models 2 and 4. The BIC of
Model 4 is 48 below that of Model 2, indicating that anchor-
ing in addition to group aggregation explains actual orders
better than without anchoring.

Inventory errors: To estimate the psychological underage
and overage cost, we use an approach similar to the one
for the behavioral forecasting parameter b, and compute the
order quantities for given psychological overage and under-
age costs. In Model 5, the psychological costs are positive
and significantly different from 0 (p < 0.01) and the fit of
Model 5 (BIC = 1,062,110) is significantly better than that
of Model 1 (BIC = 1,075,714). In line with Ho et al. (2010),
the psychological overage costs 𝛿o are greater than psycho-
logical underage costs 𝛿u.

Including group aggregation improves the fit further, which
gives Model 6 the best fit of all the models that we ana-
lyzed. Incorporating the group aggregation bias, the value
of the psychological costs decreases significantly and 𝛿o is
no longer significant. Although the fit of Model 6 (BIC =

1,060,807) is much better than that of Model 5 (BIC =

1,062,110), the difference between Models 6 and 2 (group
aggregation only, BIC = 1,060,874) is fairly small.

We also analyzed whether Make and Buy products have
different forecasting biases and estimated group-specific b.
We estimate bMake = 1.83 and bBuy = 1.15 for Model 1 (esti-
mates are similar for Model 2). We find that both groups
show significant forecasting biases with a stronger overre-
action for Make products. We analyzed the potential impact
of group-specific forecasting factors on the estimates in
Models 3–6 but found only small differences (e.g., for
Model 5, 𝛿o = 3.92 and 𝛿u = 3.11 for using bMake = 1.83 and
bBuy = 1.15). Therefore, the findings and conclusions hold
for both approaches.

In total, we analyzed six behavioral models, and the
results indicate that including behavioral forecasting and
group aggregation is important for understanding the man-
ufacturer’s ordering behavior. The results also indicate that
including anchoring or inventory error minimization in the
models further improves the fit. These two factors result in
actual service levels being pulled-to-target (i.e., Buy prod-
ucts being pulled upward, and Make products being pulled
downward). However, compared with the model including
behavioral forecasting and group aggregation (Model 2), the
additional improvements obtained by including anchoring
(Model 4) or inventory error minimization (Model 6) are
comparable, and it is not obvious which model provides the
best fit.

Selecting the model based on the BIC does not reveal
the uncertainty of this selection (Hansen et al., 2011). To
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TA B L E 4 Comparing the fit of alternative grouping models

Make–Buy ABC Product type Naive

ΔBIC 0 13,621 16,765 14,291

determine whether the differences in the model fits are sig-
nificant, we use the MCS introduced by Hansen et al. (2011).
The MCS conducts a sequence of hypothesis tests based
on bootstrap samples and eliminates the models that are
significantly outperformed at a given p-value. Like Eichler
et al. (2014), we use p = 0.05 and 1,000 bootstrap samples.

The results of the MCS are also shown in Table 3. For
our data, the MCS consists of a single model, Model 6.
This model performs weakly significantly better than Model
4 (p = 0.019), and highly significantly better than all other
models (p < 0.01). We conclude that a model with behav-
ioral forecasting, group aggregation, and inventory error min-
imization explains the manufacturer’s ordering behavior best,
but the latter has only a small effect compared to the first two
decision biases.

4.5 Other grouping heuristics

In Section 3.2.1, we argued that the categorization into Make
and Buy products is a natural differentiation of products
for the manufacturer. Additionally, the analysis in the previ-
ous section indicated that this grouping heuristic fits actual
decisions well. However, there are other potential group-
ings, and we analyze some of them that seem reasonable to
follow.

Clustering the products by product type could be an appro-
priate categorization. Setting target service levels for breads
(type 1), rolls (type 2), and pastries (type 3) would provide an
alternative intuitive clustering. Although this requires three
target service levels, the decision process is still significantly
easier than determining 23 targets.

Management literature often uses ABC analysis to dif-
ferentiate inventory policies for different products. Table 2
also shows the ABC classification for the 23 products
in our assortment. Using this categorization, a grouping
heuristic could optimize the target service levels for these
categories.

A very basic alternative clustering would be to use only one
group. This means that all products receive the same target
service level. We refer to this as “naive” approach because it
uses the target service level (of 70%) for each of the products.

We conducted comparable analyzes as in Section 4.4.3 for
the three alternative grouping models. We used the classifi-
cations to determine the optimal target service level and the
resulting order quantities for each day in our data set. We then
conducted a maximum-likelihood estimation for these predic-
tions on our data set. Table 4 shows the change in BIC when
using the alternative groupings compared to the Make–Buy
classification. We find that the alternative groupings explain
the manufacturer’s decisions not as well as the Make–Buy

grouping. Figure B.1 also compares the actual average prod-
uct service levels with the predicted service levels achieved
by the different grouping heuristics. The graphs show that
predicted product service levels are closer to actual service
levels for the Make–Buy clustering than for the other group-
ings analyzed.

4.6 Managerial implications—Impact on
profit and potential recommendations

Our analyses indicate that the manufacturer’s ordering deci-
sions are affected by three biases: behavioral forecasting,
group aggregation, and inventory error minimization. These
biases are significant and explain actual ordering decisions
better than the other biases or combinations of biases that we
analyzed. However, from a managerial perspective, not only
the significance of effects but also their monetary impact is
important. Therefore, we evaluate the impact of the three dif-
ferent behavioral factors on the manufacturer’s profitability.

We simulate the use of different decision models and calcu-
late the resulting profit for our data set. We forecast demand
for each product in each store, determine the resulting order
quantity, and calculate the resulting profit based on actual
demand. To calculate profits for the different models for
our data set, we must estimate demand (given the unobserv-
able lost sales) based on sales data. We estimate demand
based on the approach of Lau and Lau (1996), which uses
stockout times and hourly demand information from previ-
ous periods to estimate unobservable lost sales. Note that
this approach is different from the one used in the ana-
lytical model because stockout times are not available to
the manufacturer and therefore cannot be used in demand
forecasting. However, an approach considering stockout tim-
ing provides more accurate demand estimates (Jain et al.,
2015) and enables an accurate profit comparison between dif-
ferent analytical models and the manufacturer’s decisions.
Figure 5 shows the reduction of profit allocated to the
different behavioral aspects. As a benchmark, we indexed
the profit of the optimal solution at 100. This means with
the data available by the manufacturer (historical number of
units sold) and using nonbiased forecasting and optimal prod-
uct differentiation the manufacturer would achieve a profit
of 100.

To estimate the impact of the different behavioral factors,
we calculate the profits of partial models, including the dif-
ferent factors sequentially. We calculate the predicted order
quantities for using the behavioral models (with the esti-
mated parameters in Table 3) and simulate the performance
for our data set. Applying behavioral forecasting, but keep-
ing the optimal differentiation, results in a profit decrease of
2.5% compared to the optimal model. When further including
group aggregation on these biased forecasts, profits decrease
by another 5.3%. The effect of inventory error minimization
is small compared to the other two effects (only 0.1% profit
loss). The results suggest that substantial profit gains can be
achieved by reducing decision biases.
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F I G U R E 5 Determining the profit impact of the detected decision biases

F I G U R E 6 How to improve performance: profit impact of different grouping heuristics compared with optimal differentiation (normalized to 100%)

The total profit that the manufacturer actually achieved is
92.2. As a robustness check, and as a fair comparison with our
partial models, we calculated the profits using order quan-
tities resulting from the model containing all three decision
biases (Model 6 in Table 3). The resulting average profits are
92.1, which is close to the actual profits. The results indi-
cate a profit loss of 7.9% that can be attributed to the deci-
sion biases.

Behavioral forecasting or including psychological inven-
tory error costs does not help to reduce complexity. For
instance, behavioral forecasting distorts demand forecasts
without significantly reducing effort. In such cases, debias-
ing strategies might be applicable to improve performance.
Decomposing forecasting and inventory decisions (Lee &
Siemsen, 2017) or using multiple independent forecasters
(Kremer et al., 2011) might reduce the forecasting bias and
improve overall performance.

However, we have seen that group aggregation has a
major profit impact. In general, using grouping heuristics
might simplify the decision tasks of the manufacturer but
results in efficiency losses. To analyze the impact of such

heuristics on profits, we simulate the performance of dif-
ferent grouping heuristics. Figure 6 shows the profit losses
for four grouping models compared to optimal differentia-
tion. Using a naive no-differentiation approach (i.e., target-
ing 70% for all products) reduces profits by 10.1%. Note
that we used nonbiased forecasting for these analyses to iso-
late the impact of the grouping heuristics. Therefore, adding
this simple differentiation (Make vs. Buy) already leads to
a substantial improvement in profits over naive optimization
with rather limited additional effort (only two different tar-
get service levels). Make–Buy grouping results in a profit
loss of 5.3%. Increasing the number of clusters, for exam-
ple, to three, decreases the efficiency loss further. But we
see that the marginal improvement decreases. Using the ABC
analysis based clustering and the clustering by product type
(bread, rolls, pastries) that were introduced in Section 4.5,
results in profits losses of 3.3% and 3.9%. This means
that the manufacturer could increase his profits by adding
a third group. However, marginal gains of adding another
group decrease and using the Make–Buy grouping cap-
tures the majority of the potential differentiation gains. This
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implies that given the increasing complexity and the decreas-
ing marginal benefits of adding groups, grouping heuris-
tics might be considered ecologically rational (Gigerenzer
& Todd, 2012), which is related to Simon’s (1986) idea of
satisficing. Adding more groups would increase profitabil-
ity of the manufacturer, but (perceived) additional required
effort might prevent the manufacturer from doing so. Addi-
tionally, Chen and Li (2018) compare the performance of
human decision makers when making a single decision ver-
sus multiple simultaneous decisions. They find that perfor-
mance decreases when making multiple decisions. This indi-
cates that increasing the number of groups from two to
three might not result in the additional profit indicated in
Figure 6 due to the increased complexity of the decision
task.

5 DISCUSSION

The ordering behavior of newsvendor decisions in laboratory
environments has been analyzed extensively over the past two
decades (Donohue et al., 2020). The experiments were usu-
ally conducted with students who entered orders in a com-
puter over a short period of time to earn a moderate amount
of money. In practice, experienced managers place orders for
real products on a daily basis and their performance affects
their incomes and their careers. Previous experiments there-
fore left unclear whether the decision biases observed in the
laboratory were also present in practice.

In this paper, we address this issue by analyzing the order-
ing behavior of an actual manufacturer. The results of our
analyses indicate that the decision biases that have been
observed in laboratory experiments are also present at the
manufacturer (e.g., behavioral forecasting and ex-post inven-
tory error minimization). We identified an additional bias:
group aggregation. Although the manufacturer is prone to
these biases, his decisions resulted in effective solutions with
service levels that were close to the target service level of
70%. This result is of some interest in its own right. One
of the most robust findings of the behavioral operations
management literature is that decision makers choose order
quantities that are pulled toward the expected demand (e.g.,
Bolton & Katok, 2008; Bostian et al., 2008; Schweitzer &
Cachon, 2000). Translated to the manufacturer’s situation, it
suggests that the service levels are below the target service
level and are pulled toward 50%. This, however, is not what
we observed.

The main reason for this is the specific setting that the man-
ufacturer faces. The manufacturer operates under a service
level contract, whereas most laboratory experiments (show-
ing the pull-to-center bias) use profit-based contracts such
as wholesale price or buyback contracts. As Bolton et al.
(2016) show in lab experiments, decision makers achieve tar-
get service levels more effectively and more efficiently under
a service-level contract than using a wholesale price contract.
Potential reasons are that the service-level contract provides
an anchor that the wholesale price contract does not pro-

vide and that the expected profit curve is steeper. Related
to this, Lee and Siemsen (2017) find a strong performance
increase when providing the optimal target service level in
profit-based environments such as the wholesale price con-
tract setting. Although our setting does not include service-
level penalties (that are used in Bolton et al., 2016), the man-
ufacturer still has an explicit service-level constraint of 70%
that he is not allowed to fall below. This results in overall
average service levels that are not pulled-to-center, but rather
pulled-to-target, which means that differentiation between
products is not strong enough.

Looking at the efficiency loss of the decision maker, we
find that the manufacturer incurs a profit loss of 5.3% com-
pared to our analytical model. One might argue that the
performance is actually not too bad compared to subjects
in newsvendor lab experiments. However, we want to high-
light three important aspects here. First, previous lab stud-
ies using single product newsvendor settings report a range
of efficiencies between 80% (Bolton & Katok, 2008) and
89% (Bolton et al., 2012, for trained subjects) depending on
experience and prior knowledge. We acknowledge that our
empirical setting is more complex, but the decision maker is
also much more experienced than subjects in the lab. There-
fore, seeing higher efficiencies is not very surprising. Using
a single-product service-level contract, Bolton et al. (2016)
report efficiencies between 89% and 97.2%. This shows that
service-level contracts lead to higher performance also in the
lab environment.

The second important aspect that needs to be considered
when comparing our empirical results with previous lab data
is that we have provided a model for optimizing order quanti-
ties for the multiproduct problem that the manufacturer faces.
Like all analytical models, our model relies on a number
of assumptions. We expect that more comprehensive mod-
els would improve profits further, but they are also much
more complex. This would increase the efficiency loss of the
decision maker compared to the optimal model. Lab studies
compare actual decision making against the normative bench-
mark.

Third, the manufacturer is subject to self-selection and
market selection, whereas subjects in laboratory studies are
typically selected on a first-come-first-serve basis out of a
pool of students looking for some short-term financial benefit.
Thus, the consequences of ordering suboptimally are quite
different for students and for the manufacturer. If the man-
ufacturer does not achieve the target service level, he loses
business with the retailer and is replaced by another man-
ufacturer. Therefore, it is not surprising that we observe a
manufacturer who is achieving the target service level with
a rather moderate efficiency loss. If efficiency had been far
below optimum, other companies would probably have taken
over the business already.

Highlighting the differences between our empirical setting,
existing lab studies, and the impact of different grouping
heuristics, we acknowledge that it might be insightful to ana-
lyze decision making in this context in more detail in future
lab studies. Using multiproduct cases with differentiation
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between products has not been studied extensively. Such lab
experiments could complement our findings, and improve the
understanding of behavioral decision making in operations
management even further. This might also allow to analyze
behavioral factors such as cognitive limitations, sacrificing,
or time pressure in more detail.
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A P P E N D I X A : P R O O F S
Proof of Theorem 1. Lagrange function with 𝜆 rep-
resenting the multiplier to the single service-level
constraint:

L =

N∑
i=1

((ri − ci)qi − ri ∫
qi

0
F̂i(x)dx) +

𝜆

N

N∑
i=1

F̂i(qi).

First-order condition (assuming that nonnegativity con-
straints are never binding and all products are profitable):

𝜕L
𝜕qi

= (ri − ci) − riF̂i(qi) +
𝜆

N
f̂i(qi) = 0, i = 1, … ,N

𝜆(�̄� −
N∑

i=1

F̂i(qi)) = 0.

If the service-level constraint is not binding, that is, 𝜆∗ = 0,
then all products achieve their profit optimal level, that is,
F̂i(qi) =

ri−ci

ri
. Otherwise,

𝜆∗

N
= −

ri − ci − riF̂i(qi)

f̂i(qi)
∀i = 1, … ,N,

which proves the theorem for the case of a binding constraint.
If the constraint in nonbinding, Theorem 1 still holds. The
numerator is 0 for all products and Equation (6) results in
0 = 0 for all i, j = 1, … ,N. □

Proof of Theorem 2. Points (a) and (b) are straightfor-
ward. To prove (c), we simplify the notation and use the
overage/underage cost notation with co

i = ci and cu
i = ri − ci.

Given that

G = �̂�i

(co
i + cu

i )𝛼i − cu
i

f (z(𝛼i))
− �̂�j

(co
j + cu

j )𝛼j − cu
j

f (z(𝛼j))
= 0,

we obtain the optimal solution for a binding service-level
constraint for two products by implicit differentiation of 𝛼i

with respect to �̂�, which yields:

d𝛼i

d�̂�i
= −

𝜕G

𝜕𝛼i

𝜕G

𝜕�̂�i

= −
G𝛼i

G𝜎i

G𝛼i
= �̂�i

(cu
i + co

i )f (z(𝛼i)) −
𝜕f (z(𝛼i))

𝜕𝛼i
((co

i + cu
i )𝛼i − cu

i )

f (z(𝛼i))2

with

𝜕f (z(𝛼i))
𝜕𝛼i

= −z(𝛼i)
dz
d𝛼i

f (z(𝛼i))

= −z(𝛼i)
1

f (z(𝛼i))
f (z(𝛼i))

= −z(𝛼i).

G�̂�i
> 0 for a binding constraint. G𝛼i

≥ 0 if

(cu
i + co

i ) f (z(𝛼i)) ≥ −z(𝛼i)((c
o
i + cu

i )𝛼i − cu
i )

f (z(𝛼i)) ≥ −z(𝛼i)

(
𝛼i −

cu
i

cu
i + co

i

)
.

This obviously holds for z(𝛼i) ≥ 0 (which means 𝛼i ≥ 0.5), as
the parenthesis on the right side is nonnegative in the optimal
solution and the left side is always nonnegative.

For z(𝛼i) < 0,

f (z(𝛼i)) ≥ −z(𝛼i)

(
𝛼i −

cu
i

cu
i + co

i

)
f (z(𝛼i))
−z(𝛼i)

≥ 𝛼i −
cu

i

cu
i + co

i

,

this is strongest if CR = 0, then the right side is 𝛼i:

1√
2𝜋

e
−

1

2
z2

−z
≥ 𝛼i(z)

1√
2𝜋

e
−

1

2
z2

−z
≥ F(z).

This obviously holds, as for z → −0, F(z) = 0.5 and the left-
hand side approaches ∞. z → −∞, both sides converge to 0.
As the function is monotonically increasing in z (for negative
z), the left side is always greater than or equal to the right
side. □
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A P P E N D I X B : A D D I T I O N A L G R A P H S — P R E D I C T I V E F I T O F P R O D U C T S E RV I C E
L E V E L

F I G U R E B . 1 Actual versus predicted product service level for different grouping models


	Empirical newsvendor biases: Are target service levels achieved effectively and efficiently?
	Abstract
	1 | INTRODUCTION
	2 | ANALYTICAL MODEL
	2.1 | Demand forecasting
	2.2 | Newsvendor system approach

	3 | BEHAVIORAL MODELS
	3.1 | Behavioral demand forecasting
	3.2 | Behavioral inventory optimization
	3.2.1 | Group aggregation
	3.2.2 | Anchoring
	3.2.3 | Inventory error minimization


	4 | EMPIRICAL DECISION ANALYSIS
	4.1 | Setting and data
	4.2 | Service levels by store
	4.3 | Service-level differentiation by product
	4.4 | Evaluation of behavioral models
	4.4.1 | Behavioral forecasting
	4.4.2 | Behavioral inventory management-Group aggregation
	4.4.3 | Model estimation and evaluation

	4.5 | Other grouping heuristics
	4.6 | Managerial implications-Impact on profit and potential recommendations

	5 | DISCUSSION
	ACKNOWLEDGMENTS
	ORCID
	REFERENCES
	APPENDIX A: PROOFS
	APPENDIX B: ADDITIONAL GRAPHS-PREDICTIVE FIT OF PRODUCT SERVICE LEVEL


