
The Effect of Timing When Introducing
a Decision Aid in a Decision Support System

for Supply Chain Management

Nirit Gavish(&) and Hussein Naseraldin

Ort Braude College, Karmiel, Israel
{Nirit,nhussein}@braude.ac.il

Abstract. In the current research, we evaluated the effect of previous experience
with a task on users’ willingness to accept a suggested decision aid and their
performance in a supply chain management system. Participants were randomly
assigned to one of three between-participants groups: the No Aid Group, which
did not receive any decision aid during the interaction; the Aid Group, which was
offered an algorithm, at the beginning of the first session, to help members
improve their decisions; and the Mid-term Aid Group, which received, at the
beginning of the second session, the same algorithm that was offered to the Aid
Group. The results demonstrated that in the second session the performance of
the Aid Group was significantly better in comparison to the No Aid Group. The
Mid-term Aid Group’s performance did not show any gain, although both the Aid
and Mid-term Aid Groups made similar use of the aid in this session. We con-
cluded that in a decision support system, previous experience with the task before
introducing the decision aid is not always helpful.
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1 Introduction

Decision support systems (DSSs) in the domain of Industrial Engineering and Man-
agement (IE&M) can be very powerful tools, but how much do we know about the way
users utilize these systems? Do they exploit the systems’ strengths or do they hamper
the system from maximizing its effectiveness? More specifically, what are the factors
that cause users to adopt the system’s decision aids so that they can improve their
performance? In the current study we focused on the issue of previous experience:
What is the impact that a decision aid has on the performance of a user who has past
experience with a task, but without the decision aid?

When developing DSS for IE&M, special care should be given to the user’s
willingness to use the decision aid. Past studies have shown that this willingness is
affected by several factors. For example, Rice and Keller [1] demonstrated that time
pressure increased willingness to accept the system’s recommendations. Dzindolet
et al. [2] showed that information about the possible reasons behind the system’s
incorrect decisions increased reliance on the system. Lacson et al. [3] showed that
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willingness to rely on the system is affected by presenting its reliability in terms of
correct or incorrect diagnoses. Systems, however, may be as fallible as humans and
users must also exercise judgment when accepting the system’s help. They should
consider when and how the decision aid helps increase performance levels. Several
examples in the literature present both under-reliance on the system’s aid, when users
ignored the aid that could assist their performance [4, 5, 6], and overreliance, when
users accepted bad decisions offered by the system [7, 8]. A successful DSS, accord-
ingly, is one that is both utilized efficiently and improves performance.

In the current study, we focused on the effect on users’ willingness to accept the aid
when they had previous experience with the task, and on their performance. It is
important to examine whether a decision aid should be introduced to the user very early
in her interaction with the system or later on. We questioned whether previous training
on performing the task, without the decision aid, result in a higher or a lower accep-
tance level of the decision aid when the decision aid is given, and does it result in better
or worse performance measures then?

We evaluated the effect of previous experience on users’ willingness to accept the
support of a simple decision aid and their performance operating a supply chain
management system. Participants were invited to a computer lab and had two suc-
cessive sessions interacting with a simulation-based supply chain game. The decision
aid we adopted in this research is a simple aid that is not automatically produced by the
system. We offered participants a simple algorithm and a formula that could help them
make a better decision; yet, the aid can shed some light on the way users accept and
utilize decision aids in general. Our hypotheses were that since the task is difficult to
perform, having had previous experience with the task, users know the task is difficult
and hence will be more inclined to accept the decision aid when the decision aid is
given. Previous experience should, theoretically, lead to better performance.

2 Method

2.1 Design

Participants were randomly assigned to one of three between-participants groups: the
No Aid Group, which did not receive any decision aid during the interaction; the Aid
Group, which was offered an algorithm at the beginning of the first session, to help
members improve their decision making; and the Mid-term Aid Group, which received,
at the beginning of the second session, the same algorithm that was offered to the Aid
Group. The randomized assignment was achieved by letting participants choose their
preferable date and hour for the experiment, and then assigning each hour randomly to
one experimental condition, but controlling for an equal proportion of genders among
the groups. The design was mixed, with the session as the within-participants repeated
measure independent variable, and the group (No Aid Group, Aid Group and Mid-term
Aid Group) as the between-participants independent variable, and two dependent
variables: mean total cost and mean deviation from the algorithm.
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2.2 Participants

One hundred undergraduate students (66 % males, 34 % females) from ORT Braude
College, Israel, participated in the experiment. Participants’ average age was 25.2, with
a range of 18–51. Ten percent of the participants (19 % in the No Aid Group, 3 % in the
in Aid Group, and 9 % in the Mid-term Aid Group) were from the Department of
Industrial Engineering and Management at ORT Braude, and the others were from
several other engineering departments. Note that in courses given in the Department of
Industrial Engineering and Management students are exposed to the topic of supply
chain management. It is important that only ten were from this department, and that
they were assigned to all experimental groups.

Participants were paid a fixed amount of NIS 40 (about USD 10) for their partic-
ipation, and given bonuses, which depended on their performance (minimum total
cost): The best performer in the respective condition (out of the three groups) received
a bonus of NIS 100, and four runner-ups got a bonus of NIS 50 each.

2.3 Apparatus

The experiment took place in a computer lab at the college. Sixteen desktop computers
were used, each having a 19-inch monitor. The dedicated program for this experiment
was downloaded for each computer; see Experimental Task section. Papers, pencils and
calculators were provided to participants.

2.4 Experimental Task

The experimental task was a variation of the Beer Distribution Game, which was
developed at MIT in the 1960s and has been widely used to educate graduate students
and business managers about supply chain dynamics [9–12]. The version used in the
current study was downloaded from the site http://www.runthemodel.com/models/run.
php?popup=1&id=507 and was developed by XJ Technologies©, www.anylogic.com;
see the experimental task screen layout in Fig. 1. Participants were assigned the role of
Retailer, and the computer played the roles of Wholesaler, Distributer, and Factory. For
all four roles, the Initial inventory was set at 100.

The experimental task required participants to determine the daily amount to order
from their supplier so as to reduce their total costs. The costs for each day included
storage costs (for the inventory) and backlog costs (in case a participant could not
satisfy customer demand on the same day – negative inventory). Each of the two
sessions included 60 days of running the simulation. Participants’ goal was to reach the
minimum cumulative costs at the end of each session of 60 runs. The inventory was
updated every day. Participants could also see, for each day, the following data:

• Expected: The amount ordered and not yet arrived.
• Shipped: The amount shipped the same day to the customer.
• Ordered: The amount that the customer ordered that day. If the amount was in the

inventory, it was supplied to the customer—in which case, the shipped amount was
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identical to the order amount. If the inventory was smaller than the ordered quantity,
the customer was provided with the available inventory and the remainder was
provided later when the inventory became available.

The cumulative holding cost was given in the Storage costs. Each unit held in inventory
on a particular day cost participants 0.5. For example, if a participant had 3 units in
stock on a particular day, that day’s storage cost was 1.5. The cumulative cost of
holding stock accrued daily. The cumulative backlog cost was given in Backlog costs.
This is the cost incurred when a customer ordered merchandise that could not be
provided. Each unit missing on a particular day cost 1. For example, if the inventory on
a particular day was (−3), the backlog cost for that day was 3. The cumulative backlog
cost accrued from day to day. When a certain amount was lacking, participants paid for
it until the shortfall was filled. Since the cost of a backlog unit was twice as much as an
inventory unit, it was rational to pay more attention to decreasing the backlog than to
decreasing the inventory. However, no formal instructions about this were given to
participants.

The lead time of each order was four days. For example, if on day 10 participants
ordered 20 units, they would receive them on day 14. Once participants decided on the
Order amount, they clicked “Next Step” to move to the next day.

The customer orders in each session were, in fact, identical. However, this infor-
mation was not given to participants. All participants were exposed to the same demand
scenarios.

2.5 Procedure

Ten participants at a time sat in the lab but each participant worked individually at his
desktop. Each group was assigned randomly to one experimental condition and was
blind to the other conditions. On average, the entire experiment took about 45 min and

Fig. 1. The experimental task screen layout.
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no more than 75 min. An experimenter remained in the lab, instructed the participants,
and presented the algorithm to the relevant groups at the relevant stage.

Participants received a consent form to sign and completed a personal details
questionnaire. Following this, the experimenter read aloud an explanation about the
experiment and the game. The game, its menus, screens, etc. were explained to par-
ticipants as they sat in front of their computers. They also received a written manual
about the game to assist them during the experiment. Thereafter, participants practiced
playing the game for three periods (days) with a self-tutorial, lasted about 5 min. Once
this stage was completed, the experimenter confirmed that the participants successfully
followed the practice’s instructions. Then, participants from the Aid Group received a
written explanation about the algorithm, and had it read aloud to them by the exper-
imenter. Participants played the game over one session equaling 60 days, each at his or
her individual pace. They were instructed to write down in a table their data and
decisions for each day. The data and the decisions (orders) were analyzed. When they
finished, participants from the Mid-term Aid Group received the explanation about the
algorithm in writing and had it read it aloud to them by the experimenter. Participants
from the Aid Group and from the No Aid Group did not receive any additional
instructions. Participants again played the game over one session equaling 60 days.
When completed, participants were thanked and paid for their participation.

3 Results

Participants’ performance and decisions in the first and in the second session were
analyzed using a multivariate analysis. In the first session, the results of the No Aid
Group and the Mid-term Aid Group were combined (and the combined group was
termed “No Aid - First Session Group”), because at this stage of the experiment the
manipulation they were exposed to was identical. Two measures were analyzed for
evaluating the performance and acceptance level. These measures were mean total cost
(sum of storage and backlog costs for each day) and the mean deviation from the
algorithm (measured as the absolute value of the order amount recommended by the
algorithm minus the participant’s order amount for each day). Although the mean
deviation from the algorithm was not a perfect indicator of the acceptance level, it
reflected how much the participant’s decisions were close to the suggestion of the
algorithm. As was demonstrated, this later measure did not have to be connected to
better performance since the algorithm was not ideal to achieve the best score possible.

3.1 First Session Analysis

In the multivariate analysis, the group (No Aid - First Session Group and Aid Group)
was the independent variable; the mean total cost and the mean deviation from the
algorithm were the dependent variables.

The multivariate analysis demonstrated that the effect of group was not significant
(Wilks’ Lambda test on the combined variable: (F(2,97) = 2.5, p = 0.08, Partial Eta
Squared = 0.05). A positive significant correlation was found between the two
dependent variables (Pearson r = 0.6, p < 0.001). A univariate analysis was performed
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for each of these variables, and demonstrated that for the mean total costs, the effect of
group was not significant (F(1,98) = 3.6, p = 0.06, Partial Eta Squared = 0.04). For the
mean deviation from the algorithm, the effect of group was significant (F(1,98) = 4.4,
p = 0.04, Partial Eta Squared = 0.04), with higher deviation from the algorithm to the
No Aid – First Session Group (M = 30.0, SD = 46.1) compared to the Aid Group
(M = 12.5, SD = 17.9).

3.2 Second Session Analysis

The multivariate analysis demonstrated that the effect of group was significant (Wilks’
Lambda test on the combined variable: (F(4,192) = 4.3, p = 0.002, Partial Eta
Squared = 0.08). A positive significant correlation was found between the two
dependent variables (Pearson r = 0.7, p < 0.001). Reported below are the univariate
results of these variables.

For the mean total costs, the effect of group was significant (F(2,97) = 4.0,
p = 0.021, Partial Eta Squared = 0.08). Post hoc Tukey HSD test showed that No Aid
Group had a significantly higher mean total cost (M = 45.5, SD = 27.7) compared to the
Aid Group (M = 26.1, SD = 27.7; p = 0.015), while the other contrasts were not
significant (No Aid Group compared to the Mid-term Aid Group (M = 34.3,
SD = 27.7): p = 0.2; Aid Group compared to the Mid-term Aid Group: p = 04).

For the mean deviation from the algorithm, the effect of group was significant
(F(2,97) = 6.1, p = 0.003, Partial Eta Squared = 0.1). Post hoc Tukey HSD test showed
that No Aid Group had a significantly higher mean deviation from the algorithm
(M = 20.3, SD = 15.2) compared to both the Aid Group (M = 10.0, SD = 15.2; p = 0.02)
and the Mid-term Aid Group (M = 8.1, SD = 15.2; p = 0.004). The difference between
the Aid Group and the Mid-term Aid Group was not significantly different (p = 0.9).

4 Discussion

The results demonstrated that generally, when exposed to the algorithm, participants
tended to use it. In the first session, the Aid Group’s decisions were closer to the
algorithm than these of the No Aid - First Session Group; in the second session, there
was a significant difference in the deviation from the algorithm between the two groups
(Aid Group and Mid-term Aid Group) in comparison to the No Aid Group. In addition,
it seems that using the algorithm was intuitive and participants did not need to gain
experience in learning how to use it, as both the Mid-term Aid Group, which was
exposed to the algorithm in the second session, used it in that session no less often than
did the Aid Group, which had previous experience with it.

The Aid Group had significantly better performance compared to the No Aid Group
in the second session, while no significant difference was demonstrated between the
Mid-term Aid Group and the No Aid Group. In contrast, the degree of utilization of the
decision aid was similar in both groups that were exposed to it in the second session.
Only the group that received the algorithm at the beginning of its first session of
interaction with the system improved its performance better. The contrast between the
acceptance level and performance results is especially interesting since the two
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measures were correlated: Using the algorithm indeed can lead to better performance,
but it seems that mere using it is not enough, and it should be done carefully.

Our hypotheses that previous experience with the task without the decision aid will
result in higher acceptance level of using the decision aid and lower total costs com-
pared to experience with the decision aid only were not confirmed. The two groups that
received the aid demonstrated a similar acceptance level, and the group that had pre-
vious experience with the aid performed better. We conjectured that the previous
experience with the decision aid did not change the mean acceptance levels, but did
change their nature: Since the decision aid was not optimal, participants learned how to
utilize it better, to use it more when it is constructive and less when it led them to
poorer performance.

The conclusions from the current study are that in a decision support system,
previous experience performing a task without decision aids is not only not necessary,
but can also delay the process of learning how to best utilize the decision aids—most
importantly, avoiding both under-reliance [4–6] and overreliance [7, 8].
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