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1 Introduction

This study compares the use of the deductive approach (questionnaire) and the in-
ductive approach (role playing games) in the calibration of an agent-based model
(ABM) and studies their effects on model validity and utility. ABM is a modelling
methodology that puts emphasis on stakeholder behaviour (Samuelson, 2005). The
validity of behavioural assumptions is critical in ABM because it increases the confi-
dent in the model for its use in decision making (Bendoly et al., 2006). Both quantita-
tive and qualitative data collection methods have been used for ABM development
(Robinson et.al, 2007; Yang & Gilbert, 2008). For example, Robinson et.al (2007)
qualitatively compared the benefits of various data collection methods in eliciting
stakeholder behaviour based on researcher experience. In our study, we make a quan-
titative comparison between deductive and inductive approaches by considering the
following hypotheses:

e HI: When building a model for a system, inductive and deductive data collection
may result in two different models

e H2: Inductive and deductive methods may have a different effect on model's exter-
nal validity (i.e. when we compare them against secondary data).

e H3: Inductive and deductive calibration may produce ABMs with different internal
validity (based on domain expert judgement).

e H4: Inductive and deductive calibration may produce different decision makers’
utility toward the final model. (The model’s utility indicates the level of confidence
of the decision makers in using the model.)

2 Dairy Supply Chain Simulation Model

The case of the dairy supply chain in West Java, Indonesia, will be used to obtain
empirical evidence to test the hypotheses. Prior studies have has shown that agricul-
tural supply chains, such as dairy, are suitable to be modelled using ABM because
they involve a number of stakeholders and each stakeholder has different production
processes and decision making rules (Higgins et al., 2010). Furthermore, prior studies
in this area (e.g. Krejei & Beamon, 2012) have enabled the development of initial
model useful for our study. At the same time, milk is an important agricultural prod-



uct in Indonesia and the sustainability of the local dairy industry is of real concern for
government agencies (who will be involved in this study). There are many farmers
who rely on milk-producing activities for their livelihood while the import of milk-
related products is increasing due to a declining trend in domestic production (Daud et
al., 2015). West Java province was selected because it is one of the biggest milk pro-
duction centres in Indonesia and the headquarters of most of the institutions involved
in this research are also located in this province which facilitates data collection.

The hypothetical model was developed based on the literature and field observa-
tion. This model covers the types of agents in the dairy supply chain (e.g. farmers,
cattle traders, cooperative), the attributes of each agent (e.g. cash, number of cattle,
cattle pen), and the decision making rules of each agent (e.g. decision when to sell or
buy cattle). The objective of model is to investigate the impacts on milk quality and
farmer's wealth of milk handling strategies adopted by the cooperative. Sensitivity
analysis was used to conceptually validate the hypothetical model.

The hypothetical model will then be used to design the questionnaire and the role
playing games. These two instruments will then be used to calibrate the decision mak-
ing rules and mechanisms in the hypothetical model. The data collection process also
aims to identify other mechanisms that were not incorporated in the hypothetical
model. The target respondents in the survey and the players in the role playing games
are stakeholders in the dairy supply chain. The same sets of respondents will partici-
pate in both data collection processes.

To test H1, the information obtained from both data collection processes will be
compared. Based on this comparison, we will test whether different data collection
processes can lead to two different models. We intend to quantitatively measure the
differences using the distance ratio method (Markéczy and Goldberg, 1995; Schaffer-
nicht and Groesser, 2011). This method has been used in system dynamics modelling
to compare the difference between two model structures, but never been used in
ABM.

Validation processes using secondary data have been widely used by ABM studies
in agricultural supply chain (e.g. Schreinemachers et al., 2007). To test H2, after cali-
bration, both simulation models will be initialized with the same set of inputs and run
under the same set of parameters. Hence, the difference in the model outputs can be
explained from the different mechanisms used in the models. Secondary data will be
collected to validate the simulation models which includes data such as the average
cattle live weight before slaughter (190.6 + 39.6 kg in West Java province (Agricul-
tural Data and Information Systems Center, 2012)). Statistical techniques (e.g.
ANOVA and the t-test) will be used to test whether the two data collection processes
for model calibration produce significantly different outputs and to identify which
method that can produce more valid results.

To test H3 and H4, experts from universities and government agencies will be
asked to justify the validity and utility of the simulation models. The experts are not
involved in the survey and the role playing games. Hence, the bias that may occur due
to the intervention carried out during the model calibration can be avoided (Schaffer-
nicht and Groesser, 2011). These experts are also the potential users of the final mod-
el, thus they have enough credibility to justify the benefits of the model. The outputs



and the mechanisms from both models will be presented to the human experts without
revealing the calibration process. The experts are then asked to assess both models by
using a questionnaire. This will enable us to conduct statistical analysis on the ex-
perts’ perception towards the two models.

Specifically, to test H3, the experts will be asked to perform three assessments as
described by Kliigl and Bazzan (2012):

e Animation Assessment: The human experts assess whether the animation of the
overall simulated system (or of parts of it) in ABM appears to behave like the dairy
supply chain that is being studied.

e OQOutput Assessment: The human experts are asked to compare the simulation out-
puts and their experience with the models. There are several aspects that can be as-
sessed by the experts i.e. absolute values, relations between different values and al-
so the dynamics and trends of the different output values of simulation runs.

e Immersive Assessment: A human expert looks through the eyes of one particular
agent and sees what the agent perceives and how it reacts on it. Based on this in-
formation the experts can evaluate directly whether the behaviour of the simulated
agent is appropriate.

To test the H4, the experts will be asked to assess five basic dimensions of a mod-
el’s value for its users based on the criteria of King and Rodriguez (1981):

e Use: The probability that the decision makers will use the simulation to analyse
policy scenarios, after evaluating the mechanisms and the behaviour of the simula-
tion.

e Other: The probability that s(he) will recommend the simulation to other decision
makers, after evaluating the mechanisms and the behaviour of the simulation.

e Success: The perceived probability that the simulation can produce good policy.

e Worth: The decision maker’s evaluation of the worth of the simulation.

e Accuracy: The level of accuracy that they can expect from the simulation.

3 Summary

This study is expected to produce insight on the effects of different data collection
methods toward model’s validity and utility. The data collection methods have been
used in another simulation paradigm (i.e. system dynamics) and similar effects may
be observed. In system dynamics, the effects of different model development process
toward users understanding and their ability to make decision have been extensively
studied (e.g. Langley and Morecroft, 2004; Borstnar et al., 2011; Gary and Wood,
2011). To our knowledge, the same study has not been done for ABM. Furthermore, a
practical contribution of this study is the enabling of the analysis of policy scenarios
that may support the sustainability of dairy industry in Indonesia.
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