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Abstract 
 
In an experimental environment based on a mathematical model we tested subjects’ 
ordering decisions in response to a surge in demand under different ordering and 
supplier capacity acquisition delays. Decisions are compared against an optimal 
solution. Results allow characterizing subjects’ performance and formulating a heuristic 
that closely replicates subjects’ behavior 
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Introduction  
In the past decades, different approaches have been used to understand the interrelations 
among suppliers, retailers and customers. These relations are typically approached 
through the development of mathematical models that mimic real world situations, such 
as non-stationary demand, physical delays, backlogs, order amplifications, etc. 
(Ilkyeong, 2005). The general objective is to produce and distribute the product and 
services at the right quantities, to the right locations, and at the right time, in order to 
minimize system-wide costs while satisfying service level requirements (Zhang, 2006). 

One of the most common and costly problems in supply chains is caused by retailer 
orders’ amplification (Armony and Plambeck 2005). These amplifications have been 
captured in the literature as early as 1924, when Mitchell described the case of retailers 
inflating their orders to manufacturers when competing with other retailers for scarce 
supply. He argued “if [retailers] want 90 units of an article, they order 100, so as to be 
sure, each, of getting the 90 in the pro rata share delivered.” (Mitchell 1924, p. 645). 
When faced with limited capacity, suppliers typically allocate available supply among 
multiple retailers. In turn, retailers receiving only a fraction of previous orders, amplify 
future ones in an attempt to secure more units (Lee et al., 1997a, 1997b). This 
phenomenon can propagate the supply chain causing orders and inventories to 
chronically overshoot and undershoot around desired levels. These fluctuations can lead 
retailers and suppliers alike to overreact, leading to problems such as excessive supplier 
capital investment, inventory gluts, low capacity utilization, and poor service (Armony 



2 

 

and Plambeck, 2005; Gonçalves, 2003; Lee et al., 1997a; Sterman, 2000; Anderson et 
al., 1999). 

Academic interest in the subject has its roots on real and frequent problems faced by 
businesses in diverse industries. For example, in the 80’s, the computer industry faced 
shortages of DRAM chips in several occasions: orders surged because of retailers 
anticipation (Li, 1992). Similarly Hewlett-Packard could not distinguish between real 
and inflated orders place from the resellers for the laserJet printers; which later lead to 
excess inventory and unnecessary capacity (Lee et al., 1997a). In the summer of 2000, 
Cisco failed to recognize the magnitude of customers’ order amplification, and the sales 
forecast were overestimated. This caused a high capacity expansion through long term 
contracts with its OEMs (Byrne and Elgin, 2002). 

Informed by these industry experiences, our research explores the impact that delays 
may have on subjects’ ordering decisions. We hypothesize that longer retailer ordering 
delays and supplier capacity acquisition delays increase retailer order amplification. 
Both conditions are consistent with studies by Sterman (1989a, 1989b) and Gonçalves 
(2003) and Gonçalves and Arango (2010).  

This paper proceeds as follows. The next section describes and analyzes the proposed 
mathematical model. Then we develop a decision-making laboratory experiment based 
on the mathematical model developed. Our main results show that subjects’ 
performance deteriorates under longer ordering and capacity acquisition delays. Later, it 
is derived an econometric model based on a simple anchoring and adjustment to analyze 
subjects’ decision rules. Finally, we discuss the main finding. 
 
Model description 
We build upon a model proposed by Gonçalves (2003) capturing a supply chain with a 
single supplier offering a unique, non-substitutable, product to multiple retailers. The 
emphasis of our analysis is on retailers’ ordering problem trying to match supplier 
shipments and final customer demand. Figure 1 shows the structure of this supply chain. 
 

 
Figure 1. Supply Chain structure 

 
To model the supplier system, we first define the supplier’s backlog of orders (B) as 

a function of retailers’ orders (Rd) and supplier shipments (S). 
 

SRB D −=&          (1) 
 

Shipments (S) are typically given by the minimum between of desired shipments and 
the available capacity. However, since we are interested in situations characterized by 
supply shortages, we model shipments as always constrained by available capacity (K). 
 

S = K          (2) 
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The supplier’s capacity (K) is expressed by a first-order exponential smooth of 
desired shipments, with a time constant given by the time to build capacity (τK). Desired 
shipments are given by the ratio of Backlog (B) and the Target Delivery Delay (τD).  
 

K

D KB
K

τ
τ −= /

&          (3) 

 
Finally, we also capture the supply gap, measuring the difference between (rD& ) a 

level that accumulates total orders from final customer orders (d), and ( SE& ) a level that 

accumulates the total shipments received from the supplier.  
 

dD r =&           (4) 

SES =&           (5) 
 
Cost Objective 
To motivate subjects’ performance, we measure retailers’ total cost (TC) given by two 
components: (1) a Supply Gap Cost (����), given by the summed differences between 
cumulative customer demand and cumulative shipments received from the supplier; and 
(2) Ordering Cost (��), given by the retailer’s order decisions (RD). In addition, we 
assume quadratic costs to penalize larger deviations from equilibrium. 
 
�� = ∑ (���� + ��)


���         (6) 

 
Where, 

( )2
Srgap EDC && −⋅= θ ,  where 3102 −⋅=θ                    (7) 

2
Do RC ⋅=γ , where 3101 −⋅=γ        (8) 

 
The experiment  
We use the model described above as a basis for a “management flight simulator” 
(Sterman 1989, Senge and Sterman 1992). Subjects play the role of a single retailer, 
placing orders to a supplier and trying to minimize total costs. The experiment starts in 
dynamic equilibrium. Initially the supplier has sufficient production capacity to meet 
total retailer’s demand according to the target delivery delay. After the third period 
(week), the supplier faces a sudden increase in retailer’s orders. Subjects are informed 
that customer demand will increase in 20% and that the supplier faces a delay to build 
additional capacity. Subjects must decide how many units to order from the supplier 
each week through 35 simulated weeks.  
 
Experimental Treatments 
Our experiment explores two characteristics previously identified by Gonçalves (2003) 
and Gonçalves and Arango (2010) affecting the performance of retailers’ decisions. The 
first one is related to the retailers’ ability to get their orders in place, either for possible 
delays with the supplier to process the orders that they receive or for internal process of 
the retailer: retailer ordering delays (∆O); and the second characteristic is related to the 
ability of the supplier to adjust to the orders that they are receiving: supplier capacity 
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acquisition delays capacity (τK). We model the retailer ordering delay (∆O) as a pipeline 

delay and explore the impact of short (∆O =2) and long (∆O =3) delays on retailer 

ordering behavior. In addition, supplier capacity acquisition delays (τK) are captured as 
the time constant in the exponential smoothing equation. Analogously, we explore the 

impact of a short (τK =1) and long (τK =3) time to build capacity. We run a full 
experimental design, with four experimental treatments. Table 1 characterizes each 
treatment conducted and the number of participants (n) in each treatment. 
 

Table 1. Experimental treatments. 

 
 
 
 
 
 
 
 
Protocol   
We follow standard experimental economics protocol (see Friedman & Sunder, 1994 
and Friedman & Cassar, 2004). Subjects were fourth and fifth year Industrial and 
Management Engineering students at the National University of Colombia, in the 
autumn of 2010. We ran the experiment with 20 subjects per treatment. Upon arrival, 
subjects were seated behind computers and a treatment was assigned. Participants were 
allowed to ask questions and test out the computer interface. The software ran 
automatically and kept record of all variables, including subjects’ decisions. 
 
Optimal Simulated Trajectory 
In order to have a framework for comparison, we find an optimal simulated trajectory 
for each treatment. These optimal retailers’ order decision trajectories were estimated 
using the Solver in Powersim Studio 8 and minimizing the total cost over all periods. 
Figure 2 shows the behavior of these optimal trajectories. For optimization purposes, 
this Powersim Studio 8 Solver uses a method called the evolutionary search method. 

Figure 2 shows that the optimal ordering trajectories are characterized by a large 
initial order at the moment the demand surges. The magnitude of this optimal initial 
order increases with the complexity (longer delays) of the system. Then, orders 
exponentially decrease with a final damped oscillation until settling on 120 units per 
week. The magnitude of the damped oscillation also increases with the complexity of 
the system. Finally, optimal orders settle at 120 units per week for the rest of the 
trajectory. 
 
Results 
In this section, we present the overall results of the experiments. The experimental 
treatments with 61 subjects (15 in Treatment 1, 17 in Treatment 1, 14 in Treatment 1 
and 15 in Treatment 4), which are chosen among all the subjects after excluding the 
outliers.  
 
 

  Supplier’s Capacity 
Investment Delay (ττττK) 

  1 3 

Retailer’s Order 
Decision Delay (∆∆∆∆O) 

2 T1 
(n=20) 

T2 
(n=20) 

3 T3 
(n=20) 

T4 
(n=20) 
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Treatment 1    Treatment 2 

 
 

Treatment 3    Treatment 4 

 
 

Figure 2. Final Customer demand, Optimal and Average Subjects’ Orders (AO) in each 
treatment 

 
Subjects’ Order decisions Behavior 
Subjects received information on system structure, delays and costs and then were asked 
to place orders that would minimize total simulated long-run costs.  

To compare overall subject behavior in each treatment with the optimal ordering 
decisions, we compute the average retailer´s orders (AO) for players in each treatment. 
Figure 2 suggests that subjects fail to place sufficiently large initial orders, and also fail 
to reduce them quickly toward the equilibrium value. Instead, subjects place orders with 
magnitudes averaging half of the desired initial value, but maintain high orders for a 
longer period than desired. When subjects finally reduce their orders, they do so more 
than the optimal values. As a result subjects’ ordering behavior fluctuates around the 
optimal trajectory in all treatments. While the pattern presents similarities across 
treatments, it is also possible to identify differences. The peak in subjects’ decision 
tends to be wider in treatments with longer retailer ordering delays (T3 and T4). 
Subject’s decisions are less stable and take longer to settle in the treatment with higher 
delays (T4). 
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Subjects’ Cost Performance 
The main subject’s objective in the experiment was to minimize cumulative costs. Table 
2 presents the average, the minimum and the optimal cumulative costs for each 
treatment.  

A general observation is that most of the subjects perform far from optimal, for all 
treatments. The lowest total cost achieved by a subject was 20% higher than the optimal 
of the treatment. The best performances observed in the other treatments were also 
above optimal costs: 32% above optimal in treatment 1 (T1), 37% above optimal in 
treatment 3 (T3), and 95% above optimal in treatment 4 (T4).  

 
Table 2. Average, and optimal costs across treatment for the experiment. 

Average 
(Standard 

Error)  
7,891.37 

(2344,72) 
4,428.92 

(1018,97) 
2,157.19 
(396,83) 

10,076.42 
(2845,09) 

Min  805.86 781.92 885.04 1,388.21 

Optimal  610.94 654.99 646.86 712.50 

Min/Optimal  1.32 1.20 1.37 1.95 
 

The subjects’ average performances vary from 333% to 1414% higher than the 
optimal. The lowest optimal costs is observed for treatments 1 ($610.94) and highest 
cost is in treatment 4 ($712.5), these results highlight the increasing system difficulty 
when higher delays are introduced producing lower performances. In general, subjects’ 
decisions have lower total cumulative cost in simpler treatments (shorter delays) and 
higher total cumulative cost in more complex treatments. Table 3 shows how cost 
components contributed to optimal and average subjects’ total cost in each treatment. 
The cost breakdown in the optimal trajectory suggests that most of the costs are given 
by the ordering component. In contrast, the cost breakdown for the subjects’ decisions 
shows that subjects have a difficult time balancing supply and demand, placing orders 
that fail to minimize the Supply Gap. Hence, subjects have a disproportionally high 
fraction of their costs due to the Supply Gap cost component. 
 

Table 3. Costs distribution given by Orders and Supply gap. 

  
% Cost given  

by Orders 
%Costs given  

by Supply Gap 
% Cost given  

by Orders 
%Costs given  

by Supply Gap 
  T1 T2 

Average 
26.9% 

(21.2%) 
73.1% 

32.2% 
(26.4%) 

67.7% 

Optimal  95.7% 4.2% 91.1% 8.9% 
  T3 T4 

Average 
41.5% 

(16.3%) 
58.4% 

19.6% 
(13.8%) 

80.4% 

Optimal  92.5% 7.5% 86.6% 13.4% 
 
 

Modeling decision rules 
The qualitative similarity of the results shown in the previous section could suggest the 
subjects use a heuristic with common features (Sterman 1989a). For modeling the 
subjects’ decision rules, we test the heuristic proposed by Gonçalves (2003). Gonçalves 
modeled retailers’ orders, RD, using an anchor and adjustment heuristic, where retailers 
anchor their orders on a demand forecast, and then adjust it up or down to maintain 
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orders at a desired level. The anchor term captures retailers’ intention to place sufficient 
orders to meet their customers’ orders. The adjustment term closes the gap between 
retailers’ desired and actual backlog of orders within a specific adjustment time. 
Gonçalves (2003) also assumes that each retailer adopts the same heuristic with the 
model capturing total values for customer demand forecast (d), actual backlog of orders 
(B), desired backlog of orders (B*), and adjustment time (τB). Finally, total retailers’ 
orders are non-negative (no cancellations). Retailers’ desired backlog of orders (B*) is 
given by the product of the demand forecast, d and the expected delivery delay to 
receive orders from the supplier (ED). The expected delivery delay is given by a linear 
function (f), with slope α>1, of the actual delivery delay (AD). The actual delivery delay 
is given by the ratio of the order backlog (B) to shipments (S). Equation (9) shows this 
heuristics, which can be used to test if retailers’ orders are given by anchoring and 
adjustment heuristic. 
 








 −+=
B

D

BKBd
dMaxR

τ
α /**

,0&       (9) 

 
The system determined by equation 9 involves a nonlinearity associated with the 

ratio of the two states: order backlog (B) and capacity (K). We can use a Taylor series 
approximation of the ratio of the two states (B/K) around the initial backlog (B0) and 
capacity (K0) and neglect higher order terms. We get a linear approximation of the 
anchor and adjustment heuristic proposed by Gonçalves (2003), which could be tested 
econometrically. We have the model as: 
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The model is analyzed using two different methods. First, we estimate the unknown 

parameters for each subject using the ordinary least squares (OLS); and second, we 
structured the data from the game as a panel in order to increases the efficiency of the 
estimations and the representativeness of the resulting rule. It allows us to make 
estimations across individuals and treatments. 
 
Least Squares Analysis 
Initially, the model shown in the equation 10 can be rewritten as: 
 

),()(),2()(),1(),0(),( jttjtjjjtD BKR εβββ +++=&       (11) 

 
Where ),( jiβ  represent the i-th coefficient for the treatment j, i=0,1,2 and j=1..4, and  

),( jtε  is the error term. According to the formulation of this decision rule, we expect a 

coefficient of ),0( jβ larger than 120, 0),1( <jβ to be negative and ),2( jβ to be positive. 

Estimations of the coefficients using Dτ =10, Bτ = 4, 0K =100 and d=120 are: β0=450, 

β1= -3.3 and β2= 0.08.  
For analyzing the significance and polarity of the parameters using OLS or GLS, we 
estimated the model of equation 11 for each subject using the software R (results of 
these models are available upon request).  
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Results show that a high fraction of models are significant. For example, we found 
significant values for all three parameters in 38% of all subjects. We observed that more 
than 30% of R2 values are larger than 0.30. The R2 of the “average decision rule.” 
obtained running the model using the average decisions for each treatment - range 
between 0.24 and 0.47, which in social sciences are considered as a moderate 
explanation. Considering the specific results for each coefficient, we observed that the 
constant β0 is positive and significant for 83% of all subjects. Coefficient β1 is also 
consistent with our expectations, with negative and significant values for most subjects. 
More specifically, we found significant values for β1 in 53%, 65%, 57%, and 53% of 
subjects in treatments T1, T2, T3, and T4 respectively. Also, most of the signs (83%) of 
β1 are negative and 62% of them are significant. The estimates obtained for coefficient 
β2 are also as expected with positive values for most subjects (70%), and β2 has 
significant values for 47%, 35%, 42%, and 53% of subjects in treatments T1, T2, T3, 
and T4 respectively. Most of the signs of (70%) of β2 are positive and 53% of them are 
significant. After using the least squares estimation with the average decisions, most of 
the parameters are significant (83%) and all of them with the right sign (these 
qualitative and quantitative analyses do not change significantly if we include outliers). 
Also, the average parameter estimation for each treatment (computed using the 
significant numbers) has the correct sign.  
Analyzing the parameters β1 and β2 shown with those expected values obtained using 
the linearized heuristic (Table 4), we can see that the econometric estimations of the 
direction for both β1 and β2 are in the correct direction. Regarding the magnitude of the 
estimated parameters, β1 is more or less the same level of magnitude as the expected 
values (~ -3); however, β2 is a bit far from the expected values. This could be given, in 
part, because the expected value of this parameter is really close to zero (0.08) and the 
time series is not that long (35 periods); so, these factors increase the probability of 
having non-significant estimations. However, if the average of all β2 coefficients (both 
significant and insignificant) is computed, we get a value of 0.11, which is really close 
to the expected value of β2 (0.08). 
 
Panel Data Analysis 

In order to control for omitted variables that vary over time but are constant between 
subjects in each treatment (temperature, time of the day, day of the week, etc.) and to 
account for individual heterogeneity, controlling for variables that cannot be observed 
or measured like cultural factors, the data was structured from the experiments as a 
panel. The panel increases the efficiency of the estimations of the linearized model and 
improves the representativeness of the decision rule. 

The significance test of the model using the statistic F shows that all the P values are 
smaller than 0.05, which implies that with a 95% confidence, we cannot reject the 
model and the proposed model (linearized heuristic) is an acceptable way for explaining 
subjects’ ordering decisions. The goodness of fit reflects that the model has a moderate 
data explanation: we observe R2’s ranging from 0.15 (for T3) to 0.32 (for T2).  

In addition to the model significance, the three coefficients in all treatments are also 
highly significant (at 1%) and with the expected sign. The β1 coefficients are negative 
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and with the magnitude as was expected. On the one hand, the β2 coefficients are 
positive for all treatments, as was expected, but with a small overestimation ranging 
from 2 until 4 times higher than the expected value. β2 estimation could have been 
affected by the complexity of the task and in this case, subjects basically overestimate 
β2 trying to compensate the underestimation they had for β0 (the anchor in the linearized 
heuristic). 

Figure 3 summarizes the information obtained in the previous sections. First, box-
plots we built using the estimated parameters, obtained by least squares, for all subjects 
in each treatment; second, the expected values of the linearized heuristic; and finally the 
panel data parameters estimations. The box-plots show the general ranges and 
distribution for each parameter, indicating whether or not they are skewed. For instance, 
β2 in T2 has a short plot and it is almost a symmetrical plot, meaning that the sample is 
compact and the estimations could have less uncertainty. Also, β2 is, in general, a 
parameter with high variability compared to the magnitude of the expected value, which 
proves difficult in the estimation of β2 and helps to explain the possible overestimation 
obtained when using panel data analysis. 

  

 
Figure 3. Box plots with the Coefficient estimations using Least Squares, Expected values 

(triangle), and panel data estimations (circle) 
  

Given the estimations obtained with the panel (Panel) and those obtained using the 
average LS (Adjusted AO), we insert and run them into the same model of the 
experiment. Figure 4 shows the behavior of these runs over time. We observe that these 
simulations replicate the pattern of behavior given by the actual subjects’ behavior 
(AO). However, the magnitude of the oscillations is much lower in the simulated ones. 
On the other hand, it can be seen that the proposed heuristic (Heuristic) also replicates 
the actual subjects’ decisions in all treatments, with the underperformance previously 
described. However, the length of the oscillations is different (Figure 4). 
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Treatment 3    Treatment 4 

 
Figure 4. Average Subjects’ Orders (AO), Simulation of the proposed heuristic (Heuristic), Adjusted 

model with Panel parameters (Panel) 
 
Discussion and further research  
In this paper, we develop a laboratory experiment to explore how subjects playing the 
role of a retailer place orders in response to a surge in final customer demand. Subjects 
must try to minimize cumulative costs, given by the sum of a Supply Gap Cost and an 
Ordering Cost, under ordering and capacity acquisition delays. 

To set a performance benchmark, we characterize the optimal ordering trajectory for 
each experimental treatment. The optimal trajectory is given by a large initial order 
followed by an exponential decrease that undershoots below initial orders, and a 
damped oscillation into the final equilibrium of 120 units per week. The magnitude of 
the peak in the optimal ordering trajectory varies across treatments, increasing with 
longer system delays.  

Our experimental results show that subjects’ orders deviate widely from the optimal 
orders. Subjects fail to place sufficiently large initial orders and also fail to reduce them 
quickly toward the equilibrium.  

The experimental costs also provide clues about the sources of subjects’ 
underperformance. In general, cumulative costs are closer to optimal in treatments with 
shorter delays (T1) and further from the optimal in treatments with longer delays (T4). 
Comparing the costs associated with subjects’ decisions with those from optimal ones, 
we note that subjects’ average performances vary from 333% to 1414% higher than the 
optimal. In addition, subjects fail to minimize Supply Gap during the experiment, 
incurring the associated long-term costs. For example, in Treatment 4, around 80% of 
the subjects’ total costs are given by the Supply Gap component. 
Our econometric analysis suggests that subjects use a simple anchoring and adjustment 

heuristic to place orders. Analysis of individual regressions had in general good model 
fit and also suggest that the model explains a significant portion of the variability in the 
ordering data. In particular, 30% of R2 values are larger than 0.30. Also, the coefficients 
of K and B in the individual regressions have the expected signs (negative and positive, 
respectively) and are significant for a high proportion of the sample. 

The analysis of average decisions produces high significance in the estimated 
parameters’ values and their expected signs. Moreover, the panel data estimations show 
that the model is significant and the coefficients of the variables are significant and have 
the expected signs for all treatments. Finally, we conclude that the differences among 
subjects do not contribute to explain the unexplained variance. 

The research presented here could be extended in a number of different ways. First, 
multiple subjects could interact amongst themselves placing orders to the same supplier. 

50

100

150

200

0 5 10 15 20 25 30

U
n

it
s/

w
k

Time (wk)

AOPanel

Heuristic

50

100

150

200

0 5 10 15 20 25 30

U
n

it
s/

w
k

Time (wk)

AO

Panel

Heuristic



11 

 

Second, our simulator allocates available supply in proportion to orders placed. 
Different allocation mechanisms could be explored. Third, subjects could be subjected 
to a different cost function and potentially be exposed to specific information cues. 
Finally, we could potentially analyze other kinds of heuristics. 
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