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Abstract. Mean anchor and chasing demand are two heuristics widely
used in literature to explain newsvendor’s decision bias. The mean anchor
heuristic is an aggregate representation, and static to some extent. In a
dynamic setting we significantly control demand chasing behavior and
conduct a laboratory experiment. We find that besides the two aforemen-
tioned heuristics subject’s response to demand history is heterogenous
and cannot be neglected.

1 Introduction

In the context of operations management, a conventional newsvendor always
faces a decision problem on how much newspaper she should purchase prior to
the selling season. If the newsvendor is rational, she is supposed to carefully
analyze her purchasing cost and revenue, optimize her profit or utility, and then
obtain an optimal order quantity which is determined by a critical fractile and
demand distribution simultaneously. The rational assumption is recently chal-
lenged by findings in laboratory experiments. Schweitzer and Cachon find that
subjects make newsvendor decisions consistently deviating from optimal predic-
tion ([1]). A pull-to-center effect is found significant that newsvendor tends to
place an order between optimal prediction and mean demand. Schweitzer and
Cachon analyze several quite different decision preferences as possible explana-
tions. Some of them are then ruled out after either theoretical or experimental
examinations, for instance, risk-averse, risk-seeking, loss-averse preferences, etc.
A preference of minimizing ex-post inventory error is left. And a heuristic of
anchoring and insufficient adjustment (AIA) is proposed. In the AIA scheme, a
decision maker chooses a quantity as an anchor based on available information
and her preference, and then adjusts her decision in some direction away from
the anchor. Two alternative AIA heuristics are proposed in [1] and frequently
investigated thereafter.

One of the two AIA heuristics is the mean anchor heuristic. Applying this
heuristic, decision maker always anchors on mean demand and adjusts towards
the optimal order quantity. Since both mean demand and optimal order quantity
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are determined after the problem parameters are set, this heuristic guarantees a
static outcome for decision maker, with a possible noise if random disturbance
is considered. Bolton and Katok ([2]), Bostian et al. ([3]), and Becker-Peth et al.
([4]) develop this heuristic in many aspects.

The other one is the chasing demand heuristic. Applying this heuristic, deci-
sion maker consistently anchors on a prior order quantity and adjusts her order
quantity in the direction of the previous period’s demand. That is, decision
maker’s order quantity is a convex combination of previous order quantity and
previous demand. This heuristic marks dynamic outcomes for decision maker.
Lau and Bearden ([5]) revisit and discuss the heuristic.

Let’s return to the newsvendor’s decision problem at this time. For every
single decision, the optimal order quantity is a tradeoff between possible gain
and loss when facing a undetermined demand to maximize expected profit or
utility. However, the best decision for the newsvendor is to match customer
demand, if she possesses enough knowledge of coming demand. An example is
that if the newsvendor can place her order after customer demand realizes, she
can simply order exactly the same quantity as the demand to hit the highest
profit or utility. However in the typical context of the problem, the newsvendor
should make decision before demand realization when only knowing demand
distribution. It is logical for the newsvendor to turn to put effort on forecasting
the coming demand based on available information. Demand history is at the
ready. The chasing demand heuristic, which is constructed based on last demand,
is actually another representation of exponential smoothing approach well known
in the area of forecasting.

In this paper, we consider newsvendor’s response on demand history. His-
torical data may impact decision maker’s perceived demand distribution, even
though the demand is actually independent on each other. For those new product
or seasonal product, such as in fashion industry, this scenario could be observed.
We explicitly take demand in further away periods into account besides the last
demand. The newsvendor’s decision heuristic is generalized from a convex com-
bination of last demand and last decision to a linear function of several variables.
Moving average, another forecasting technique, is incorporated into the model.

In the rest of this paper, we first introduce a laboratory experiment in Section
2. Based on the experiment findings, we analyze the performance of aggregate
model in Section 3, and develop an individual model to capture the heterogenous
nature of population in Section 5. Further discussion and research direction are
provided in Section 5.

2 Laboratory Experiment

Laboratory experiment is extensively used in operations management recently.
Schweitzer and Cachon develop a fundamental experiment scheme in [1] to inves-
tigate newsvendor’s decision bias between optimal prediction and actual order
quantity. Many scholars replicate the experiment with necessary changes. Here
we adopt most of the settings but control decision maker’s interaction with prior
outcomes.
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Subjects in the experiment are asked to solve newsvendor problem to gain
credits as many as they can. A subject’s reward to participate in the experi-
ment consists of two parts, one is a variable margin depending on total credits
gained and the other one is a fixed allowance. The monetary incentive encourages
subjects to seriously participate in the experiment.

The subject’s task is to place an order of newspaper to satisfy customer de-
mand in the following selling season. Ordering quantity is the only decision. Pre-
vious newsvendor experiments usually ask subjects to make decisions repeatedly
in consecutive periods. Demand history is hence involved with order history in
a complex and twisty way. The chasing demand heuristic is a kind of first order
expansion to a certain extent. Here we design 20 instances of newsvendor prob-
lem. Each instance is assumed to pick up from a long-run system separately, and
has its own demand history on prior 12 periods. In every instance, the newsven-
dor buys newspaper at a purchasing cost 3 then sells at a higher price 9. No
salvage is provided for leftover goods. This is the so-called high profit setting in
[1]. Among all the instances, customer demand is assumed to follow a discrete
uniform distribution on [1, 300]. Subjects are informed the newsvendor parame-
ters except demand history in advance and can check the parameters while they
are doing the experiment. Demand history can only be found when a subject is
solving corresponding instance.

Table 1. Demand histories in newsvendor instances

Instance t-12 t-11 t-10 t-9 t-8 t-7 t-6 t-5 t-4 t-3 t-2 t-1 t (Trend)

1 9 292 120 123 51 208 112 109 225 275 59 97 135
2 9 292 120 123 51 208 112 109 225 275 9 97 185
3 170 157 62 35 242 278 127 107 57 269 73 109 145
4 170 157 62 35 242 278 127 107 57 269 23 109 195
5 165 160 255 194 51 276 77 17 23 284 81 118 155
6 165 160 255 194 51 276 77 17 23 284 31 118 205
7 90 182 79 279 49 52 69 273 107 291 89 127 165
8 90 182 79 279 49 52 69 273 107 291 39 127 215
9 123 106 146 149 284 135 58 46 210 258 97 136 175
10 123 106 146 149 284 135 58 46 210 258 47 136 225
11 9 292 120 123 51 208 112 109 225 275 105 145 185
12 9 292 120 123 51 208 112 109 225 275 55 145 235
13 170 157 62 35 242 278 127 107 57 269 113 154 195
14 170 157 62 35 242 278 127 107 57 269 63 154 245
15 165 160 255 194 51 276 77 17 23 284 121 163 205
16 165 160 255 194 51 276 77 17 23 284 71 163 255
17 90 182 79 279 49 52 69 273 107 291 129 172 215
18 90 182 79 279 49 52 69 273 107 291 79 172 265
19 123 106 146 149 284 135 58 46 210 258 137 181 225
20 123 106 146 149 284 135 58 46 210 258 87 181 275
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Demand histories in the 20 instances are listed in Table 1. They are in 10 pairs.
In each pair, demand in the first 10 periods and the last period are identical
respectively, but the demand in the second last period is different. There are
plenty of researches providing evidence on the impact of last demand, see in [1]
and [5]. Hence we simply let the last demand be identical. In the last column, we
show a trend value. This value is a kind of forecasting on demand based on last
two demands. This forecast is easy to be obtained, maybe only less easy than
the naive forecast (to assume coming demand equals to the last one). We do
not show the trend value to the subjects through the experiment. Similar design
could be found in [6].

As mentioned before, customer demands in all the instances are generated
independently from the same random distribution. Optimal decision is actually
independent on demand history we designed and given to the subjects but only
determined by purchasing cost, price, and demand distribution.

20 graduate students were recruited from Southwest Jiaotong University as
subjects. All the subjects came from a graduate program majored in Industrial
Engineering, and hence they had sufficient background knowledge on stochastic
event and optimization. Brief but adequate introduction to newsvendor problem
was given to the subjects both orally and with a printed reminder. A piece
of special information was also given as a warning that conventional optimal
solution to newsvendor problem is just to maximize expected profit but may not
yield the greatest profit against each demand realization.

An additional warm-up session was conducted before the experiment session
to help the subjects get familiar with the experiment system and the decision
tasks. In the experiment session, the above 20 instances were set to follow a
randomized order. Every time a subject placed an order, he or she did not access
the corresponding result. Subjects knew their results and rewards only after they
had finished all the tasks. Such control on interaction between subjects and their
prior performances may eliminate the chasing demand behavior.

Subjects were not requested to finish all the instances, and only 18 subjects
completed all their tasks. The results and findings are reported in the next
section.

3 Performance of Aggregate Model

The following Figure 1 shows mean order quantities over all 18 subjects for each
of the 20 instances. Mean orders falls between mean demand (150) and optimal
order quantity (225), i.e., the so-called pull-to-center effect is in evidence in our
experiment.

A coming after Lilliefors test on the sample of the 20 mean order quantities
indicates that at a reasonable significance level we cannot reject the hypothe-
ses that the mean orders come from a distribution in the normal family (p =
0.4898). We can also estimate the distribution parameters with mean 169.1639
and standard deviation 10.5729. The pattern may be observed for decision
makers applying mean anchor heuristic. The mean anchor heuristic is usually
formulated as
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Fig. 1. Mean order for each of the 20 instances

q = αq∗ + (1− α)μ+ c+ ε (1)

where 0 < α < 1 is a weight parameter, ε is a random noise following the
standard normal distribution, and q∗, μ, and c are optimal order quantity, mean
demand, and constant term, respectively. For a given newsvendor problem, q∗

and μ are static. Hence, in multiple-runs newsvendor experiment with stationary
purchasing cost, selling price and demand distribution, Equation 1 predicts that
the sample of order quantities comes from a normal distribution. However, note
that much information vanishes as we calculate mean values. Before we claim
that the mean anchor heuristic again is an appropriate candidate to explain the
newsvendor’s decision bias, we have to conduct some further investigation.

We then test whether every subject’s order quantity comes from a normal
distribution with mean 169.1639. A t−test is performed for every subject, and
the results are shown in Table 2. At a 5% significance level, the hypotheses that
the subject’s order quantities come from the aforementioned normal distribution
is rejected for 10 subjects out of the 18.

Table 2. t-test for every subject against the null hypotheses (normal-distributed)

Subjects 1 2 3 4 5 6 7 8 9

t statistic 8.2067 7.0468 -0.3451 7.2554 2.3325 -5.4848 0.4895 -1.9212 0.4737
p value 0.0000 0.0000 0.7338 0.0000 0.0308 0.0000 0.6301 0.0698 0.6411

Subjects 10 11 12 13 14 15 16 17 18

t statistic 2.4063 -6.6661 -1.5966 -0.7482 -3.2972 -4.0418 0.7756 -4.6715 -1.1260
p value 0.0265 0.0000 0.1269 0.4635 0.0038 0.0007 0.4475 0.0002 0.2742
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A Lilliefors test is also re-performed on the overall order quantities rather than
the mean values. The normal-distributed hypotheses is rejected (p = 0.0001).
The following histogram exhibits how all the subjects’ order quantities distribute.
Figure 2 suggests multiple modes in order quantity distribution. One possible
reason it that the whole sample consists of several different samples each of which
comes from a unimodal distribution.
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Fig. 2. Histogram on how all the subjects’ order quantities distribute

Table 2 and Figure 2 both imply that the population of subjects is of observ-
able heterogeneity nature. An underlying assumption of Equation 1 is homogeny
of population. Becker-Peth et al. use αn and cn to instead α and c in the equation
where the subscript n denotes dependence of parameters on different subject.
The consequent model based on population heterogeneity is found performed
better than aggregate model ([4]). Hence, we build individual model in the next
section to capture the heterogeneity.

4 Individual Model

The mean anchor heuristic is an aggregate treatment for the whole subject
group’s order quantities. After the modification conducted by Becker-Peth et
al., the parameters now depend on individuals, and the model treats individual
subject separately ([4]). However, for a multiple-run newsvendor system with sta-
tionary cost, price and demand distribution, the modified mean anchor heuristic
predicts static outcome for every single subject as well. One effort in incorpo-
rating dynamic into the model is to consider learning as in [3].

The chasing demand heuristic provides dynamic outcomes. The heuristic is
usually formulated as

qt = qt−1 + β (dt−1 − qt−1) + c+ ε (2)
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where 0 < β < 1 is a weight parameter, ε is a random noise following the stan-
dard normal distribution, q is ordering quantity, d is demand realization, c is
a constant term, and subscript t denotes decision period. Similarly as in [4],
if we let parameters β and c depend on subject with additional subscripts n,
the modified equation 2 can predict individual’s behavior, in a dynamic pat-
tern. In our experiment, the impact of immediate preceding decision (qt−1) has
been controlled even if not omitted. Hence we build the following equation to
demonstrate newsvendor’s response to demand history.

qt = bconst + bmeanμs + blastdt−1 + ε (3)

In Equation 3, qt is newsvendor order quantity in current observed period,
μs is the average value of historical demand, dt−1 is demand realization in the
last period, ε is a random noise following the standard normal distribution, and
bs are corresponding coefficients. Equation 3 focuses on newsvendor’s response
to last demand and mean of historical demand. Another equation focusing on
newsvendor’s response to last demand and trend value is

qt = bconst + btrendd̄t + blastdt−1 + ε (4)

where d̄t is the trend value. Many other similar equations can be developed for
various different purposes.

We obtain parameter estimations for Equation 3 through linear regression,
and show them in the following Table 3. Only those subjects whose ordering
quantities do not come from a normal distribution with mean 169.1639 are taken
into consideration this time.

Table 3. Parameter estimation for individual model

Subjects 1 2 3 4 5 6 7 8 9

bconst 589.1707 -152.2426 110.9112 143.2809 150.4478
bmean -3.1014 2.5748 0.0271 -0.1937 -0.2699
blast 0.4306 0.1431 0.7172 0.5867 0.2884

Adjusted R2 0.2251 -0.0371 0.4029 -0.0284 0.1929
F statistic 3.7592 0.6601 7.4102 0.7375 3.2698
p value 0.0445∗∗ 0.5295 0.0049∗∗∗ 0.4930 0.0629∗

Subjects 10 11 12 13 14 15 16 17† 18

bconst -105.6061 -363.3647 -281.4275 -6.3006 112.2569
bmean 1.6466 3.5281 2.9190 1.4293 0.8095
blast 0.4324 -0.1642 0.1263 -0.4889 -1.1049

Adjusted R2 0.0435 -0.0033 0.3607 -0.0414 0.1535
F statistic 1.4325 0.9689 6.3611 0.6224 2.7227
p value 0.2661 0.3995 0.0087∗∗∗ 0.5484 0.0942∗

1. ∗ significant at 10% level; ∗∗ significant at 5% level; ∗∗∗ significant at 1% level.
2. † Here we estimate parameters for Equation 4 because estimation for Equation 3 is

not significant. Hence, we estimate btrend here instead of bmean.
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Based on the estimations, we could predict subject’s order quantities individ-
ually, and compare the aggregate model and the individual model. The following
figure illustrates such comparison. The individual model provides dynamic and
flexible prediction, and fits actual order quantities better. The aggregate model
can only yield static predictions.
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Fig. 3. Comparison between individual model and aggregate model for subject 1

From tables 2 and 3, we could see that the group of subjects consists of
dissimilar elements. At least three subgroups could be roughly categorized. The
first subgroup consists of subjects 3, 7, 8, 9, 12, 13, 16, 18. The pattern of their
order quantities is consistent with prediction of the mean anchor heuristic. The
second subgroup consists of subjects 1, 4, 6, 14, 17. Equation 3 (or 4 for subject
17) explains fluctuation of their order quantities at the level ranging from 15.35%
to 40.29%. The other subjects form the third subgroup. Their ordering behavior
need to be further investigated.

5 Discussion

We conducted a laboratory experiment to examine newsvendor’s response to
demand history. There are two major contributions of the experiment design. The
first is to control the interaction between subjects and their decision processes
and performances. Ex-post inventory error is hence invisible for subjects. The
second is to manipulate demand history. Subjects make decision for instances
rather than consecutive periods. Order history and demand history hence can
be separated and controlled.

The two widely used heuristics, mean anchor and chasing demand, are dis-
cussed in this paper. The former one is aggregate and static mostly. And the
latter one can be individual and dynamic. The linear model (equations 3 and
4) could be treated as a combination of the aforementioned two heuristics. The
constant term bconst in these equations in a further discussion could be seen as
the outcome of mean anchor heuristic. This provides a further research direction.
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Based on findings of the experiment, we find that newsvendor’s response to
demand history is heterogenous. Such heterogeneity needs further investigation.
Random coefficients may be incorporated to better describe the ordering behav-
ior. This is another further research direction.

Let’s get back to newsvendor’s response to demand history. Some ones care
little about demand history, and their ordering pattern can be predicted by
an aggregate and static model, i.e., the mean anchor heuristic. The other ones
are influenced by demand history through different ways. Some are affected
by overall demand history, and hence the mean value of realized demand is
significant. Some others focus on the recent past, and demands in last few periods
make sense. In conclusion, newsvendor’s response to demand history is diverse,
and need to be carefully considered and treated when managerial suggestions
are proposed or decision support system is developed.
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