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Abstract 

Simulation-based learning environments have been recommended by researchers as 

educational tools to support learning in complex domains. However, studies have 

evidenced that subjects may nevertheless have great difficulty understanding and 

managing dynamic systems, with several assertions are being made regarding the 

impact of employing transparent model simulations on learning and performance 

outcomes.  This research, therefore, examines the moderating impacts of structural and 

behavioral debriefings, which are concentrated respectively on critical variables and 

relations, and on the connection between model structure, action patterns, and system 

behavior.  We propose a series of hypotheses regarding the impact of model 

transparency and prior debriefing conditions on participants' performance and their 

comprehension of the system dynamics.  Three out of the six hypotheses were 

validated: prior structural debriefing alongside model transparency positively impacts 

performance; prior behavioral debriefing, when combined with model transparency and 

prior structural debriefing, positively impacts both the comprehension of model 

dynamics and performance.  
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Introduction  

Simulation-based learning environments (SBLEs) have been recommended by 

researchers as educational tools to support learning in complex domains (Cunico et al., 

2021; Davidsen & Spector, 2015; Groesser, 2012; Landriscina, 2013; Maier & Größler, 

2000; Rouwette et al., 2004; Sterman, 1994). Through such tools, learners can 

iteratively experiment, develop, and test their comprehension of complex problems, thus 

resulting in the more accurate mental models required to build competence, confidence, 

and expertise (Davidsen & Spector, 2015; Groesser, 2012; Sterman, 1994). However, a 

considerable number of studies based on simulation experiments have consistently 

indicated that subjects have difficulty correctly perceiving dynamic complexity (e.g.  



Atkins et al., 2002; Cronin & Gonzalez, 2007; Diehl & Sterman, 1995; Hendijani, 2021; 

Kampmann & Sterman, 2014; Ozgun & Barlas, 2015; Sterman, 1989, 2002, 2010; 

Sterman & Dogan, 2015; Stouten & Größler; 2017; Strohhecker & Leyer, 2019). 

Many SLBEs are of the opaque or black-box type where the structure of the simulation 

model is concealed from learners. Studies have suggested that simulations of opaque 

models can interfere with proper learning (Landriscina, 2013; Rouwette et al., 2004). 

Conversely, transparent or glass-box SBLEs enable learners to visualize the variables 

and relations included in the simulation model (Landriscina, 2013). The use of 

transparent model simulations has been proposed to obviate the problem of developing 

misinterpretations of the model structure and behavior. The implicit promise is that 

model transparency enhances learning and performance as students will be able to 

identify and comprehend the critical variables and relationships that mainly determine 

the behavior of the simulated system (Groesser, 2012; Milrad et al., 2003). 

Previous research has suggested has suggested that model transparency may only 

benefit learning and performance when it is combined with other instructional strategies 

(Capelo & Dias, 2009a; Capelo & Silva, 2020; Elsawah et al., 2017; Größler et al., 

2000; Humphreys et al., 2016; Kopainsky & Alessi, 2015; Kopainsky et al., 2015; 

Machuca, 2000; Mulder et al.; 2015; Qudrat-Ullah, 2007; Van Borkulo et al., 2012), 

such as when debriefing sessions are incorporated (Crookall, 2010; Kriz, 2010). This 

invites the research question - what type of instructional support needs to be offered in 

order for learners to be able to take full advantage of transparent model simulations? 

Therefore, in order to open the way for the necessary deepening of this research, the 

present study aims to contribute to the effectiveness of SBLEs by investigating the 

moderating effects of an approach consisting of the systematic application of structural 

and behavioral debriefing throughout the simulation rounds, as far as the impact of 

model transparency on learning and performance in a complex dynamic task is 

concerned. 

 

Dynamic Complexity, Double Loop Learning, and Simulation-Based Learning 

As emphasized by Forrester (1961), the real world is dynamically complex, involving 

the multi-loop, multi-state and non-linear nature of the feedback systems in which we 

live. Sterman (2000) explains that most people think in terms of detailed complexity, 



which relates to the number of components in a system or the number of combinations 

to consider when making decisions. Dynamic complexity, on the other hand, can arise, 

even in simple systems, from the interactions between agents over time, in such a way 

that the system produces outputs that are not easily predictable (Ozgun & Barlas, 2015). 

Social systems exhibit potentially significant levels of dynamic complexity. As 

articulated by Sterman (1994), each agent's decisions represent only one of numerous 

feedback loops functioning within a given system; these loops can embody both 

expected and unexpected side effects of the decision maker's actions. There can be both 

positive and negative feedback loops, and these loops will encompass numerous stocks 

(state variables) and a multitude of nonlinearities.  

A significant body of research based on simulation experiments has revealed that 

subjects have difficulty perceiving dynamic complexity correctly since biases and 

perception errors may occur (e.g. Atkins et al., 2002; Cronin & Gonzalez, 2007; Diehl 

& Sterman, 1995; Hendijani, 2021; Kampmann & Sterman, 2014; Ozgun & Barlas, 

2015; Sterman, 1989, 2002, 2010; Sterman & Dogan, 2015; Stouten & Größler; 2017; 

Strohhecker & Leyer, 2019). According to Sterman (2002), people tend to have 

difficulty correctly understanding the basic principles or building blocks of dynamical 

systems, such as feedback loops, stocks and flows, and system delays. The dynamics of 

a system is determined by the interaction between those building blocks, which make up 

its endogenous structure. Feedback loops are cognitively challenging to the human mind 

because they imply circular reasoning (e.g. Diehl & Sterman, 1995; Kampmann & 

Sterman, 2014). Subjects also tend to misperceive the effects of accumulation processes 

involved in the interaction between stocks and flows in the system (e.g. Cronin & 

Gonzalez, 2007; Hendijani, 2021; Sterman, 2010; Stouten & Größler; 2016; 

Strohhecker & Leyer, 2019). Some empirical studies also indicate that subjects have 

difficulties in recognizing and addressing system delays (e.g. Ozgun & Barlas, 2015; 

Sterman & Dogan, 2015).  

This research is based on the concepts of double loop learning and mental models 

(Argyris & Schon, 1974; Capelo & Dias, 2009b; Davidsen & Spector, 2015; Doyle & 

Ford, 1998, 1999; Gary & Wood, 2011; 2016; Richardson et al., 1994; Schaffernicht, 

2019; Scott et al., 2014; Sterman, 1994). The theory of double loop learning, developed 

by Chris Argyris and Donald Schon in the seventies (Argyris & Schon, 1974), is based 



on the detection and correction of errors through two different feedback loops. This 

involves governing variables that translate the mindset of the situation, as well as the 

actions taken to change the system and the results of those actions. In single-loop 

learning, individuals assess achieved outcomes against intended outcomes and, without 

challenging their mental models and objectives, take actions they perceive will progress 

the system toward the desired condition.  In double-loop learning, individuals use 

feedback information to reflect on the causal chain of a problem, questioning and 

eventually adjusting their mindset and goals of the situation.  

The concept of mental models can be defined as internal and simplified representations 

of the reality, and are used to describe and explain real-world behavior, as well as to 

guide learning and decision-making processes. In system dynamics literature, the 

definition of the concept of mental models has evolved. Forrester (1961) affirms that an 

abstract representation or a textual depiction in English can constitute a framework of 

corporate structure and its operational procedures. Managers consistently engage with 

these conceptual and linguistic frameworks of the organization. These representations 

do not embody the actual corporation. They may not always be accurate. Instead, they 

serve as constructs in our cognition to stand in for the genuine system they portray... 

The conceptual depiction of the external environment that individuals maintain mentally 

is a model. One does not mentally contain a city, government, or country. Rather, one 

holds selected ideas and interconnections that are employed to depict the genuine 

system. Sterman (1994, 2000) argues that within system dynamics, the concept of 

mental model encompasses our perceptions regarding the interconnected causal 

relationships that delineate the operational behavior of a system. This includes 

specifying the model's boundaries (incorporated and excluded variables) and 

determining the pertinent time horizon for problem framing or articulation.  Doyle and 

Ford (1998, 1999) characterize a cognitive schema of a dynamic system as a relatively 

persistent and easily retrievable, yet constrained, internal conceptual depiction of an 

external system (past, current, or anticipated) whose configuration mirrors the perceived 

arrangement of that system.  In a more recent context, Groesser and Schaffernicht 

(2012) expand upon the aforementioned definition by detailing that the internal 

depiction comprises, at a conceptual level, feedback loops that strengthen and stabilize. 

These loops are composed of interrelated stocks, flows, and intermediary variables, with 



causal connections that may be positive or negative, linear or non-linear, and potentially 

subject to delays.  

A central feature of mental models is that they reproduce individuals’ beliefs about 

cause-and-effect relationships (Sterman, 1994). However, subjects’ mental models are 

not identical to external realities; they are often incomplete and sometimes flawed 

models of the real system that is being represented (Doyle & Ford, 1998). Moreover, 

due to inherent human cognitive constraints, the cognitive frameworks that decision 

makers construct and employ inevitably exhibit imperfections (Sterman, 1994).  A 

mental model that contains incorrect or inaccurate assumptions implies that there are 

significant differences between the decision maker's understanding and the business 

reality (Capelo & Dias, 2009a, 2009b; Gary & Wood, 2011, 2016; Sterman, 1989). 

Thus, it is reasonable to assume that, by enhancing their mental models, decision-

makers should be able to improve their capacity to comprehend and deal with 

dynamically complex relationships. In this framework, Sterman (1994) underscores the 

significance of offering opportunities for double-loop learning, where system 

information is utilized not solely for decision-making within established frameworks, 

but also loops back to adjust subjects' mental models, thereby fostering the development 

of novel strategies and policies.  

The aforementioned difficulties in understanding dynamic complexity have been 

attributed to incomplete and inaccurate mental models (e.g. Diehl & Sterman, 1995; 

1993; Sterman, 1989, 1994). Previous research on mental models of dynamical systems 

has specified two types of deficiencies related to feedback misperceptions: i) 

misperceptions of the system structure that occur because the causal relationships of 

complex decision contexts are difficult to identify and accommodate within subjects’ 

mental models (e.g. Capelo & Dias, 2009b; Sterman, 1989) and ii) misperceptions of 

system dynamics that arise because decision-makers, when trying to anticipate the 

consequences of their actions, have difficulty accurately inferring behavior that emerges 

from delays and feedback structures (e.g. Capelo & Dias, 2009b; Diehl & Sterman, 

1995; Sterman, 1989). Richardson et al. (1994) conceived two logics regarding the 

mental models that decision-makers may employ to learn and succeed as they interact 

with systems:  design logic, which focused on improving decision-makers' mental 

models of system causal structure, and operator logic, which is based on selecting 



strategies and tactics for accomplishing their goals. The findings by Richardson et al. 

(1994) suggest that conditions that influence the design logic level, but fail at the 

operator logic level, will not significantly affect performance. Nevertheless, prior 

research has asserted that, in complex problem-solving situations, the accuracy of 

mental models of system causal relationships is a predictor of learning and performance 

(Capelo & Dias, 2009a, 2009b; Gary & Wood, 2011, 2016). 

Simulation-based learning environments (SBLEs) have been recommended by 

researchers as educational tools to support learning in complex domains (Cunico et al., 

2021; Davidsen & Spector, 2015; Groesser, 2012; Landriscina, 2013; Maier & Größler, 

2000; Rouwette et al., 2004; Sterman, 1994). As mentioned by Groesser (2012), model-

based learning refers to the interaction of subjects with an external, formal simulation 

model for learning purposes. Broadly speaking, SBLEs for learning purposes contain 

more than a computer model as they comprise virtually everything connected with the 

learning process, such as case descriptions, presentations by a facilitator, background 

information, and working instructions (Davidsen & Spector 1997). As asserted by 

Landriscina (2013), SBLEs include four layers corresponding to: (1) the computational 

model, (2) the user interface that allows students to observe the simulated phenomena 

and to interact with the computational model, (3) the instructional support (for example: 

questions, exercises, exploration guides, and concept maps), and (4) the complementary 

activities conducted by students. As stated by Groesser (2012), SBLEs provide a means 

through which learners can iteratively experiment, develop, and test their 

comprehension of complex problems, thus resulting in the more accurate mental models 

required to build competence, confidence, and expertise (Davidsen & Spector, 2015; 

Sterman, 1994). In accordance with the theory of double loop learning, system 

information is utilized not only for decision-making within current frameworks but also 

loops back to adjust the mental models of individuals (Sterman, 1994). Therefore, 

viewed through the lens of double loop learning, students can utilize an SBLE to 

facilitate the development and refinement of their mental models.  Students develop 

model-based reasoning as they form an initial mental model of the problem situation, 

predict its evolution on the basis of mental simulation, compare it to the simulation 

results, and successively change and improve their mental model of the situation 

(Landriscina, 2013). The assumption here is that learners, in an SBLE, must create an 



adequate mental model to support effective decision-making. If students’ mental models 

are not similar to the underlying model, their comprehension and performance in the 

SBLE will suffer. 

 

Model Transparency 

In the present study, simulator model transparency refers to the ability of the SBLE to 

enable students to identify and comprehend the critical assumptions, variables, and 

relationships that mainly determine the behavior of the simulated system. Transparent 

Synchronous Blended Learning Environments (SBLEs) allow students to visually 

represent the variables and relationships incorporated within the model through 

diagrams featuring nodes and interconnected links (Landriscina, 2013).  Many SBLEs 

are of the opaque type, which means that the structure of the computational model is not 

revealed to users. Studies have suggested that this type of black-box situation could lead 

students to build inaccurate mental models, and thus interfere with proper learning 

(Landriscina, 2013; Rouwette et al., 2004). In an opaque model simulation, learners 

tend to automatically define and attribute rules to the system. As learning evolves 

through a process of trial and error, the students base their decisions on those rules. 

While these rules may match those included in the model, they might also be wrong or 

incomplete, thus leading to faulty learning (Machuca, 2000). Simulations with 

transparent models have been recommended in the literature to mitigate the problem of 

developing incorrect understandings of the models, which can hinder learning. In 

transparent SBLEs, students are able to access the critical variables and relations that 

mainly explain the model behavior. This approach may help learners to better 

understand the relationship between the structure and behavior of complex systems 

(Groesser, 2012; Milrad et al., 2003). System dynamics (SD) is a modelling and 

simulation approach that allows transparent SBLEs to be built as they provide causal 

loop diagrams (CLDs) and stock-and-flow diagrams (SFDs) which make the relations 

between the model variables visible (Lane, 2008). However, according to Davidsen and 

Spector (2015), in order to take advantage of the transparency of SD models, students 

must be able to interpret a stock-and-flow diagram, once this representation is used to 

visualize the model structure. 



The results of previous studies are ambiguous as to whether transparency moderates 

learning (Capelo & Dias, 2009a; Capelo & Silva, 2020; Elsawah et al., 2017; Gary & 

Wood, 2016; Größler et al., 2000; Humphreys et al., 2016; Kopainsky & Alessi, 2015; 

Kopainsky et al., 2015; Machuca, 2000; Mulder et al.; 2015; Qudrat-Ullah, 2007; Van 

Borkulo et al., 2012). Machuca (2000) found that transparent model simulations favor 

management learning of organizational complexity. Größler et al. (2000) investigated 

the performance effects of model transparency when students used a business simulator. 

They concluded that familiarity with the model structure led to better performance. On 

the other hand, the study by Cheverst et al. (2005) showed that although the participants 

were in favor of transparency, they did not take advantage of it. The study of Qudrat-

Ullah (2007) revealed that engaging students in pre-discussions about the model 

structure enhanced their mental models and task performance. Capelo and Dias (2009a) 

conducted simulation experiments using an SBLE with two different interfaces, one (the 

less transparent) presenting a set of financial indicators, and the other (the more 

transparent) providing a balanced scorecard which specifies the critical variables and 

relations of the simulator model. The results did not indicate significant differences in 

learning and performance between those two treatments. The authors found, however, 

that subjects submitted to a third condition, which additionally involved drawing causal 

maps (and reflecting upon them), revealed better model comprehension and 

performance. Conversely, a study reported by Gary and Wood (2016) and the study 

conducted by Humphreys et al. (2016) reveal that providing subjects with a balanced 

scorecard strategy map improves their mental models and task performance. Kopainsky 

and Alessi (2015) observed that enhancing the transparency of the model's structure 

resulted in varied outcomes. While participants exposed to the more transparent 

approach exhibited improved comprehension of the causal structure of the underlying 

model, their overall performance remained comparable to those in the less transparent 

condition.  The results of the experiment conducted by Kopainsky et al. (2015) showed 

that combining model transparency with prior exploration strategy (i.e. allowing 

participants to previously explore the simulation model in practice mode) improves 

participants’ comprehension of the simulation model. In order to facilitate 

comprehension of model complexity, Van Borkulo et al. (2012) recommend an 

approach (model progression) in which the details and aspects of the simulation model 



are gradually revealed to students, allowing them to incrementally build their mental 

models. Elsawah et al. (2017) observed beneficial educational outcomes from model 

advancement. In their research, subjects engaged with a system dynamics model 

illustrating a water resource management framework.  As participants progressed 

through the simulation, additional variables and relationships were revealed. That 

approach allowed participants to reason about the model structure incrementally, 

improving their understanding of the simulator. The studies conducted by Mulder et al. 

(2015) pointed out that model progression combined with worked examples promote 

inquiry learning. Pavlov et al. (2015) investigated the effects of including a structural 

debriefing protocol to help students learn about the causal structure of a black-box 

simulation. The aim of that approach was to turn an opaque model simulator into a 

transparent one. In their study, the participants were challenged to build a system 

dynamics model that portrays the causal structure underlying the simulator. Capelo and 

Silva (2020) conducted educational experiments to explore the effects of using model 

transparency and exploratory guidance. The results provide evidence that the model 

transparency combined with the exploratory guidance help students to improve their 

comprehension of both model structure and behavior. However, the learning effect of 

using only the transparent condition is more limited. The authors concluded that 

participants must both identify the model structure and comprehend the relationship 

between structure and behavior.  

 

As articulated above, the literature reveals simulation approaches with varying degrees 

of model transparency. From (i) a simple approach consisting of providing information 

about the variables and relations in the form of balanced scorecard strategy maps (e.g. 

Capelo & Dias, 2009a; Gary & Wood, 2016; Humphreys et al., 2016) to more advanced 

methods such as (in no particular order): (ii) providing and/or incorporating 

representations of the structure of the simulation model through causal loop diagrams 

and/or stock-and-flow diagrams (e.g. Größler et al., 2000; Machuca, 2000); (iii) 

embedding the output graphs in causal loop diagrams or stock-and-flow diagrams that 

show the student both the structure of the model and the behavior (e.g. Capelo et al., 

2021; Kopainsky & Alessi, 2015); complementing graphical information about the 

model structure with (iv) drawing causal maps and reflecting upon them (e.g. Capelo & 



Dias, 2009a), (v) engaging students in pre-discussions about the model structure (e.g. 

Qudrat-Ullah, 2007), or (vi) allowing participants to explore the simulation model (e.g. 

Capelo & Silva, 2020; Kopainsky et al., 2015); and (vii) gradually revealing to students 

the structure and behavior of simulation model (model progression) (e.g. Borkulo et al., 

2012; Elsawah et al., 2017). 

As evidenced by the mentioned literature, previous research has suggested that model 

transparency (through the provision of structural information) may only benefit learning 

and performance when it is combined with other instructional strategies, such as causal 

diagramming (Capelo & Dias, 2009a), model exploration (Capelo & Silva, 2020; 

Kopainsky et al., 2015), and model progression (Elsawah et al., 2017; Van Borkulo et 

al., 2012). Previous research seems to suggest that students must not only access and 

identify the structure of the simulator model but also have to recognize the relationship 

between structure and behavior. Consequently, specific instructional support is required 

to facilitate and develop learner ability to infer behavior from causal structure (provided 

by transparent model simulations) in complex, dynamic systems (Davidsen and Spector, 

2015).  

 

Simulation Debriefing 

According to many scholars, debriefing is a critical step in any SBLE (Crookall, 2010; 

Kriz, 2010). A debriefing session is a specific type of feedback process, wherein the 

students are systematically guided and encouraged to reflect on their learning 

experiences through a structured set of questions, hints, and explanations (Fanning & 

Gaba, 2007). During these sessions, conducted either post-simulation rounds or during 

intervals between them, students can address task challenges and seek clarification on 

their understanding of model variables, relationships, and associated behaviors.  This 

method can also improve students’ motivation and commitment to the simulation task, 

leading to better learning and performance outcomes. In particular, this method can be 

determinant in helping students enhance their mental models and thus resolve any 

misconceptions about dynamic and complex tasks (Pavlov et al. 2015; Qudrat-Ullah 

2007, 2014, 2020). The assumption, therefore, is that debriefing may increase the 

learning potential of SBLEs, particularly those involving complex and dynamic tasks.  



A central issue, however, consists of selecting the type of content that should be included 

in a debriefing session in order to help learners overcome their difficulties regarding 

dynamical complexity. Prior research has shown that the type of information feedback 

associated with dynamic decision-making environments can affect performance (e.g. 

Atkins et al., 2002; Diehl & Sterman, 1995; Franco et al., 2021; Gary & Wood, 2016, 

Hsiao & Richardson, 1999; Qudrat-Ullah, 2020; Richardson et al., 1994; Sengupta & 

Abdel-Hamid, 1993; Sterman, 1989). The two types of difficulties learners encounter that 

have been consistently reported in relation to system dynamics misperceptions are i) 

misperceptions of the system structure that occur because the causal relationships are 

difficult to identify and ii) misperceptions of system dynamics that arise because decision-

makers have difficulty accurately inferring behavior that emerges from delays and 

feedback structures (e.g. Capelo & Dias, 2009b; Diehl & Sterman, 1995; Sterman, 1989). 

Consequently, debriefing sessions should address both of those dimensions: i) model 

causal structure and ii) the relation between structure and system behavior. Richardson et 

al. (1994) suggest that feedback information should follow both the design logic (focused 

on improving decision-makers' mental models of the system causal structure) and the 

operator logic (based on selecting strategies and tactics for accomplishing their goals). 

Similarly, Franco et al. (2021) and Sengupta & Abdel-Hamid (1993) state that subjects 

provided with cognitive feedback (information about existing relations within the 

environment) and with feedforward (recipes or rules of thumb for acting in the 

environment) tend to perform better than those that only receive outcome feedback 

(information about the state of the environment after strategy implementation). Qudrat-

Ullah (2020) defines two ways to organize debriefing discussions: outcome-oriented 

debriefing (where participants are asked to recall, reflect, and compare their own solutions 

with a benchmark solution) and process-oriented debriefing (where participants are led 

through a process that illustrates the underlying structure of the task system and how it 

relates to the behavior of the task system). According to the author, outcome-oriented 

debriefing may not be enough to help learners overcome the misperceptions about the 

dynamic task. The study conducted by Atkins et al. (2002) suggests that the graphical 

format (rather than the tabular format) for presenting information in debriefing sessions 

favors learning.  



Prior research has explored the influence of debriefing on learning outcomes and task 

performance in simulated environments (Capelo et al., 2020, 2021; Pavlov et al., 2015; 

Qudrat-Ullah, 2014, 2020). Pavlov et al. (2015) hypothesized that following a structured 

debriefing protocol would enhance students' comprehension of simulator architecture. 

Nonetheless, the authors noted that implementing this protocol necessitated a significant 

time investment.  Qudrat-Ullah (2014) conducted simulation experiments that involved 

pre-task, in-task, and post-task facilitation sessions where critical aspects of the task 

were discussed. Those discussions were designed to improve participants’ 

understanding of the structure and behavior of the simulation model. His findings 

indicated that the sessions generally improved students’ mental models and task 

performance. However, when only the pre-task session was applied, the participants 

performed poorly. More recently, Qudrat-Ullah (2020) reported a simulation experiment 

in which participants managed a dynamic task. Two experimental groups were 

subjected to an outcome-oriented debriefing (where participants are guided towards 

reflecting and comparing their strategies with a reference strategy) and a process-

oriented debriefing (where participants are shown the underlying structure of the 

simulator model and how it relates to the behavior of the model). The author found that 

process-oriented debriefing improved the task performance of those participants and 

helped them gain task knowledge. The simulation experiment conducted by the Capelo 

et al. (2021) revealed that participants submitted to a given treatment condition that 

involved debriefing sessions outperformed those from the control group. The present 

article expands and deepens the analysis of the study previously reported by Capelo et 

al. (2020). 

 

Hypotheses 

The current research endeavors to investigate how simulation debriefing moderates the 

influence of model transparency on learning outcomes and performance in a complex, 

dynamic task. The phrase "previous debriefing" as defined in the hypotheses refers to 

the application of debriefing sessions in prior simulation rounds.  

Previous studies have suggested that model transparency is beneficial and should be 

incorporated in complex SBLEs (Capelo & Silva, 2020; Elsawah et al., 2017; Gary & 

Wood, 2016; Größler et al., 2000; Kopainsky & Alessi, 2015; Machuca, 2000; Mulder 



et al.; 2015; Pavlov et al., 2015; Qudrat-Ullah, 2007; Van Borkulo et al., 2012). 

Consequently, the current research posits that if students can effectively utilize and 

analyze graphical representations (integrated within the simulator interface) depicting 

the model's framework, they will likely develop more accurate cognitive frameworks. 

This enhancement is expected to result in improved performance on simulation tasks, 

supporting the formulation of the first and second hypotheses:  

Hypothesis 1 - the degree of transparency positively influences understanding of the 

model dynamics; 

Hypothesis 2 - the degree of transparency positively influences performance. 

Past research has established that debriefing sessions can enhance simulation-based 

learning (Crookall, 2010; Kriz, 2010; Fanning & Gaba, 2007). Certain research has 

demonstrated that involving participants in preliminary activities aimed at enhancing 

comprehension of the model framework (such as dialogues, demonstrations, and model 

investigation) could enhance the efficacy of simulations (Größler et al., 2000; 

Kopainsky & Alessi, 2015; Kopainsky & Sawicka, 2011; Qudrat-Ullah, 2007, 2014, 

2020).  In line with these findings, the present study assumes that combining the 

transparent model simulation with a previous structural debriefing session gives the 

instructor an opportunity to elaborate on the critical variables and relations that are 

visible to participants. The information and support provided are consistent with the 

design logic (focused on improving decision- makers' mental models of the system 

causal structure) and the cognitive feedback (information about existing relations within 

the environment) proposed respectively by Richardson et al. (1994) and Sengupta and 

Abdel-Hamid (1993). Consequently, the anticipation is that structural debriefing 

combined with model transparency will have a beneficial impact on model 

understanding and efficacy, thereby supporting the third and fourth hypotheses.  As 

structural debriefing complements model transparency, the hypotheses can be 

equivalently stated in terms of moderation effects.     

Hypothesis 3: Prior exposure to structural debriefing combined with model transparency 

enhances comprehension of the model dynamics. Structural debriefing effectively 

moderates the influence of transparency levels on understanding model dynamics.   

Hypothesis 4: Prior exposure to structural debriefing combined with model transparency 

has a beneficial effect on performance. As well documented in the literature, subjects 



have difficulty understanding and managing complex dynamic systems (e.g. Diehl & 

Sterman, 1995; Kampmann & Sterman, 2014; Sterman, 1989; Sterman & Dogan, 2015). 

A specific cognitive challenge commonly discussed in the field of system dynamics 

(Davidsen & Spector, 2015; Schaffernicht, 2010) centers on the comprehension of 

emergent behavior in complex systems arising from their fundamental causal 

framework, often linked to inadequacies in dynamic mental models (Sterman, 1994).  

Prior research has indicated that post-experiment discussions can assist participants in 

clarifying misunderstandings regarding the dynamics of intricate systems (Pavlov et al. 

2015; Qudrat-Ullah 2007, 2014, 2020).  Accordingly, the present study assumes that 

complementing model transparency and previous structural debriefing with a previous 

behavioral debriefing session gives the instructor an opportunity to elaborate on the 

relation between model structure, patterns of action, system behavior, and performance. 

The content of this debriefing is congruent with the process-oriented type proposed by 

Qudrat-Ullah (2020), where participants are led through a process that illustrates the 

underlying structure of the task system and how it relates to the behavior of the task 

system. This type of debriefing allows students to address the gaps between their 

expectations of model behavior and its actual behavior and task performance. As a 

result, the students will benefit from a more effective understanding of the structure and 

behavior of the simulation model, and thus they will acquire a sharper perception of the 

impact of their actions and perform better in the simulation task. These debriefing 

sessions also involve discussions about the patterns of actions that lead to the success of 

the simulation task. As such, this type of debriefing includes elements that are 

consistent with the operator logic (based on selecting strategies and tactics for 

accomplishing their goals) and feedforward (recipes or rules of thumb for acting in the 

environment) proposed respectively by Richardson et al. (1994) and Sengupta and 

Abdel-Hamid (1993).  

Therefore, it is anticipated that prior behavioral debriefing, in conjunction with model 

transparency and preceding structural debriefing, will have a constructive impact on 

both the comprehension and operational effectiveness of model dynamics, thereby 

supporting the fifth and sixth hypotheses.  In the present approach, behavioral 

debriefing is applied as a complementary method. Thus, these hypotheses can also be 

written in terms of moderation effects.    



Hypothesis 5: Prior behavioral post-examination, when combined with model 

transparency and previous structural post-examination, enhances comprehension of 

model dynamics.  

Hypothesis 6: Prior behavioral debriefing, when combined with model transparency and 

preceding structural debriefing, enhances performance.  

 

Method 

Simulator Overview 

System dynamics (SD) has been applied to building SBLEs for educational and research 

purposes (Alessi & Kopainsky, 2015). We considered SD (as well as the software 

packages incorporating this approach) to be appropriate for developing the SBLE used 

to address our research problem because it provides stock-and-flow diagrams (SFDs) 

and other transparency features. The simulation model on which this SBLE is based has 

been developed and used in previous studies (Capelo et al., 2018, 2020, 2021). 

This SBLE was specially developed to illustrate some system dynamics concepts 

associated with the process of managing the growth of a business venture (Capelo et al., 

2021). These concepts include feedback loops, delays, and accumulation processes, 

which are covered in a course on entrepreneurship as part of a Master of Science in 

Management. Through this SBLE, the students will be able to appreciate the dynamic 

complexity involved in a business venture and any negative performance effects that 

may occur due to system misunderstanding. In particular, the simulator features the 

feedback mechanism of word-of-mouth (WOM) and its effect on building a customer 

base, as well as the concept of the customer choice pipeline to represent the process of 

developing potential customers as they gradually become aware, interested, and full 

adopters of innovative products. 

The simulator represents the dynamics of the development of an ESCO (energy service 

company) venture. An ESCO designs, implements, and operates energy performance 

contracting (EPC) projects. Energy projects based on EPC consist of the 

implementation of measures that improve energy efficiency or enable facilities to 

generate renewable energy. EPC is an agreement between the facility user or owner and 

the ESCO, under which the ESCO designs and implements a green energy project, 



finances that investment, and uses the revenue stream from the energy savings or 

renewable energy produced to repay the investment. 

This SBLE includes two different interfaces, one with the conditions of an opaque 

model simulation and the other representing a transparent model simulation. The 

opaque interface consists of three screens: A control interface featuring essential 

performance metrics and input sliders for simulating decisions, accompanied by two 

screens showcasing historical trends of critical variables over time. Within the 

transparent interface, graphical representation is provided through a stock and flow 

diagram, illustrating both the model's specific structure and its corresponding dynamics 

to the student. Additionally, three screens present the Causal Loop Diagram (CLD) and 

selected Stock and Flow Diagrams (SFDs) of the simulator model.  Figure 1 illustrates 

the causal loop diagram accessible to students via the clear interface, featuring 

reinforcing (R) and balancing (B) feedback loops that depict the dynamics of ESCO 

venture development (Capelo et al., 2018, 2020, 2021).  

 

«Figure 1 is about here» 

 

Figure 1. Causal loop diagram 

 

The feedback loops in the CLD are described as follows (Capelo et al., 2021). R1 - As 

the first prospects implement EPC projects with the ESCO, they can interact with other 

prospects (WOM effect) and convince them to engage in EPC projects. B1 - Market 

saturation limits the growth of EPC adopters. The more EPC adopters, the fewer new 

potential clients. R2 - As more EPC contracts are won, the workforce required to capture 

these business opportunities increases, leading to workforce adjustment decisions. By 

hiring new employees, the company will be able to allocate additional resources to EPC 

business activities, and thus more potential customers will become EPC adopters. B2 - 

This balancing loop aims to adjust the number of employees in the company. B3 - Hiring 

new employees increases operating costs and negatively impacts financial performance. 

This balancing loop aims to adjust the desired workforce while taking into account any 

financial constraints. R3 - By gradually developing and perfecting its network of new 

partners, the company is able to increase its attraction of new EPC customers, increasing 



the attractiveness of the firm to new potential partners. R4, R5 - These are virtuous cycles 

of learning and experience. As employees become involved in EPC projects, they gain 

more experience and improve their skills, thereby increasing their productivity in all 

ESCO activities. R6 - As the company improves its performance and increases the value 

created by its operations, shareholders will begin to perceive less risk and demand a lower 

interest rate. 

The simulation model consists of four sectors: Market (prospect pipeline), HR (human 

resources), Operations (business activities), and Finance. Figure 2 presents a stock and 

flow diagram of the market sector, which is also available to students in the transparent 

interface. The market consists of commercial buildings that are suitable for the 

implementation of energy projects. As represented in Figure 2, the adoption process will 

be extremely long and costly because prospects need to be moved up through the four 

stages of the adoption process. Potential customers must progress through four stages to 

become full EPC Adopters: Interested (potential customers interested in this innovative 

service), Audits in progress (customers who have contracted an energy audit), Projects in 

progress (projects being implemented) and EPC Adopters. An important implication of 

this long contract cycle is that there are very significant operating costs and capital 

expenditure before potential customers can fully deploy EPC and generate revenue. The 

stock Partners consist of companies that will help ESCO attract new EPC projects. The 

flow rates that accumulate stocks are determined by the resources allocated to the relevant 

EPC activities (informing prospects, selling audits, developing and implementing 

projects). Partners and the WOM effect also influence the inflows of potential clients. 

 

«Figure 2 is about here» 

  

Figure 2. Stock and flow diagram of the market sector 

 

The participants interacted with a realistic simulator of a business venture (based on a real 

business case (Capelo et al., 2018, 2021)) over a ten-year simulation period, making 

decisions every six months until the end of the third year, and annually thereafter (the 

difference in the frequency results from lessons learned during previous use of this 

simulator in prior unpublished experiments; these showed that in the early years – three, 



four – a shorter time span was advisable in order for participants to better understand and 

control the effects of their decisions). The participants analyze the status of the business 

and make decisions related to the development of key resources, with the aim being to 

develop those critical and interrelated resources at appropriate rates and levels in order to 

maximize value creation.  

These decisions include hiring or firing employees and allocating resources to business 

activities such as informing potential clients, developing business partners, 

commissioning energy audits, and developing, implementing and executing EPC projects 

to properly feed the prospect pipeline and generate revenue for the venture. Students 

analyze the feedback information to make further decisions about staffing and 

deployment.  

The global challenge of this simulation task is to successfully manage the growth of the 

venture in order to avoid falling into the death valley of negative financial performance 

and start creating value. In particular, the students need to comprehend the development 

of clients as they work through various stages of an adoption pipeline, until they become 

full EPC adopters (and start to generate revenue). They need to: recognize and address 

both delay and stock accumulation effects related to that process; the word-of-mouth 

(WOM) mechanism associated to the adoption process; the market advantages of 

developing and using a network of commercial partners; how workforce planning 

decisions are critical to providing skilled and experienced teams to drive business growth; 

how learning affects performance; and how important it is to have a balance between the 

development of business resources and financial constraints. (Capelo et al., 2021). The 

business case and the simulator model are described in more detail in Capelo et al. (2018, 

2021). 

 

Participants and Procedure 

The present study is based on an experiment reported by Capelo et al. (2021), which 

involved two treatment conditions. In order to test the hypotheses, we conducted a 

laboratory experiment which included an additional treatment group. The experimental 

groups and corresponding treatment conditions are described as follows: group A - 

participants who perform the simulation task through an opaque interface and are not 

involved in debriefing sessions - low DTR, low STD, and low BVD; group B - 



participants who complete the simulation task through a transparent interface and are 

not involved in debriefing sessions - high DTR, low STD, and low BVD; group C - 

participants who carry out the simulation task through a transparent interface and are 

engaged in structural and behavioral debriefings - high DTR, high STD (structural 

debriefing after the first simulation round), and high BVD (behavioral debriefing after 

the second simulation round).  

This laboratory experiment was carried out at ISCTE, a business school in Lisbon. The 

experiment involved three classes of students on entrepreneurship courses, 66 students 

in total, none of whom had any prior knowledge about the system dynamics approach 

and tools (e.g. CLD, SFD). All the participants were graduate students enrolled in a 

Master of Science in Management. They had a degree in business administration or 

economics, and their background included mathematics. One of the authors acted as 

instructor for these classes. Simulation studies have shown that no superior learning 

effects result from collaborative play (Stouten et al., 2017). This being so, the present 

laboratory experiment was completed individually in the classroom with no interaction 

between the students. A different experimental treatment was randomly appointed to 

each of the three classes: group A (with 22 students), B (with 22 students), and C (with 

22 students). Since treatment A consists of the basic conditions (low DTR, low STD 

and low BVD), group A plays the role of control group. To maintain a relatively 

controlled instructional setting, each experimental cohort consisted exclusively of 

students from a single classroom, ensuring uniformity in educational activities within 

the same physical space. Any deviation could potentially compromise the integrity of 

the learning environment and undermine the educational outcomes.  There was no 

interaction between the students in the three groups, because each group comprised 

students enrolled in a different class. The experiment procedure took place over two 

sessions and involved the following steps (Figure 3). 

Session 1. To benefit from the information contained in the CLD and SFD diagrams 

representing the structure of the simulation model, students must be able to read and 

interpret these diagrams. Consequently, the students exposed to the more transparent 

condition (groups B and C) were given a lecture on these SD tools. 

 

«Figure 3 is about here» 



 
Figure 3. Experiment procedure. 

 

Session 2. The students from all the experimental groups completed the simulation task 

following the steps established in the experiment procedure presented in Figure 3. All 

the students received a procedural guide detailing all the steps of the simulation task. 

The participants started the assignment by reading the introduction with the general 

description and objectives of the simulation task. As indicated in the guide, the overall 

learning outcomes consist of students' understanding of model dynamics and their 

performance, which are assessed and compared to appropriate benchmarks. Then they 

read the instructions on how to access, start and run the simulator. At this stage, the 

students carried out some simulation rounds to familiarize themselves with the game 

interfaces and commands. Finally, they conducted the simulation task according to the 

steps described in the assignment guide. The task involved three simulation rounds. The 

participants who were not subjected to debriefing sessions (groups A and B) completed 

all the simulation rounds consecutively and without interruption. Students exposed to 

the most transparent condition (groups B and C) were advised to access and use the 

CLD and SFDs provided by the simulator. Before running the second simulation round, 

students from group C were submitted to a structural debriefing focused on the model 

variables and relations. As explained in the assignment guide, students were advised to 

use this session to clear up any doubts they might have about the meaning of the 

variables, their relationships, as well as any difficulties they might have in reading and 

interpreting the CLD and SFD. The instructor started this debriefing session by 

explaining the information contained in the CLD and SFDs to the students in a detailed 

and understandable manner, progressively addressing the variables and relations in the 

simulator model. All doubts concerning the model variables and their relations were 

clarified. After performing the second simulation round, the students from group C 

participated in a behavioral debriefing, which focused on helping them to overcome 

their misunderstandings about the relationship between specific model structures, 

patterns of action, associated expected behaviors, and consequences in terms of 

performance. Students were encouraged to use this debriefing session to pay attention to 

the instructor's presentation, to reflect on their experience of the simulation so far, and 

to clarify any doubts they may have about how to achieve the desired business behavior 



and the pattern of action that leads to such performance. The instructor explained the 

reference modes (using graphical format) for the critical variables (value creation, 

clients/prospects, and human resources), their relation to the model structure (presenting 

relevant parts included in the CLD and SFDs of the simulator model) corresponding 

desirable and “fear” scenarios, and patterns of actions to be taken into consideration in 

order to avoid those “fear” scenarios and effectively manage venture resources to 

support sustainable growth and ultimately succeed in the simulation task. For example, 

in the case of the client base development, the instructor explained the “fear” and 

desirable scenarios for prospect acquisition, how it relates to the adoption pipeline 

structure (including the word-of-mouth mechanism), and what patterns of actions would 

efficiently drive prospects from potential to full adopters, avoiding imbalances in the 

adoption stages and waste of resources. All the doubts raised by students were clarified, 

and thus shared by all students in the treatment group. Each debriefing session was 

developed for the specific group, with no interaction occurring between students. 

 

Research Variables and Data Treatment 

This section describes the use of the variables defined in the research model and 

corresponding data treatment.  

The present study aims to explore the moderation effect that simulation debriefing has 

on the impact of model transparency on learning and performance in a complex 

dynamic task. The experiment’s measurements are related to the students’ 

comprehension of the structure and behavior of the simulated system, and to their 

performance in the simulation task. Throughout the simulation task, the students 

repeatedly appreciate, conceptualize, and predict the model dynamics, then they 

formulate and implement strategies which incorporate their understanding of the 

structure and behavior of the simulator model. In order to define successful strategies 

and make effective decisions, students need to develop appropriate understanding (or 

mental models) of the problem dynamics. The students’ comprehension is then 

assessed, based on their actions and the corresponding outcomes associated with 

specific dynamic aspects of the simulation task.  



The learning outcomes, model dynamics comprehension and performance are assessed 

and compared with reference values. This technique has been used in previous 

experiments (e.g., Diehl & Sterman, 1995; Kopainsky et al., 2015). 

Degree of transparency (DTR) – this variable represents the transparency level of the 

simulator structure. The degree of transparency indicates the extent to which the 

simulator interface shows the critical variables and relations incorporated in the 

simulation model. This variable features two levels. In the low level (coded as -1), the 

participants during the simulation task do not have access to information regarding the 

structure of the model. In the high level (coded as +1), participants can visualize the 

CLD and some SFDs of the simulator model. 

As already mentioned in the hypotheses section, the term "previous debriefing" in the 

definition of the following variables means that the debriefing session was applied to 

some of the previous simulation rounds. 

Structural debriefing (STD) – this variable indicates to what extent the instructional 

method includes a previous debriefing session focused on the variables and relations of 

the simulation model. This variable features two levels. In the low level (coded as -1), 

the subjects did not participate in a previous structural debriefing. In the high level 

(coded as +1), the participants will have been submitted previously to a structural 

debriefing. 

Behavioral debriefing (BVD) – this variable denotes the extent to which the 

instructional approach incorporates a pre-session debriefing focused on the interplay 

among model structure, action patterns, system behavior, and performance.  This 

variable features two levels. In the low level (coded as -1), the subjects did not 

participate in a previous behavioral debriefing. In the high degree (coded as +1 the 

participants will have been submitted previously to a behavioral debriefing. 

Number of the simulation round (NR) - the multivariate analysis considered this 

independent variable to be the one that controls the effects of the number of simulation 

iterations. This independent control variable is coded as 1, 2, or 3 (simulation round 1, 

2, or 3). 

Understanding of model dynamics (DYN) - This metric assesses the degree to which 

students comprehend the architecture of the simulation model and are able to mentally 

replicate the dynamic behavior of firm expansion.  A good comprehension of the model 



dynamics is necessary in order to consistently take effective action. This variable is 

calculated based on subjects' decision patterns throughout the simulation task and is 

obtained by analyzing how consistently they can deal with certain dynamic structures of 

the simulation model. The assumption is that students’ actions reflect their 

comprehension of those critical dynamical structures. The mean value of four 

constituent elements (generated by the simulation model) is utilized for calculating this 

parameter, which is evaluated on a continuous spectrum (ranging from 0 to 1) relative to 

predefined lower and upper limits, following the methodology outlined by Capelo et al. 

(2021).  

Performance (MVA) – The simulation task's efficacy is assessed based on the financial 

impact generated by the enterprise, as denoted by the ultimate value of the parameter 

MVA (market value added). This outcome variable is evaluated on a continuous 

spectrum (ranging from 0 to 1) relative to predefined minimum and maximum 

benchmarks of MVA. The results are analyzed and the research hypotheses are tested as 

follows. (i) To evaluate the progression of each treatment group in the simulation task, 

independent-sample t-tests are utilized to assess differences in means for the variables 

DYN and MVA between pairs of simulation rounds within treatment groups. 

Additionally, independent-sample t-tests are employed to compare the outcomes 

between pairs of treatment groups within simulation rounds, focusing on differences in 

means for the variables DYN and MVA; ; (ii) In order to compare the degree of 

outcome improvement (throughout the simulation task) between treatment groups, 

independent sample t-tests of significance are used to test for the differences in means 

for the variables IDYN and IMVA between pairs of treatment groups within 

comparisons of simulation rounds. (iii) Multivariate regression analyses of DYN and 

MVA on the independent variables are also used to test the hypotheses. 

 

Results and Discussion 

The average and standard deviation measurements of the dependent variables DYN and 

MVA across the three experimental groups are detailed in Table 1. The initial round of 

the simulation task exhibited the smallest average values for both DYN and MVA, 

demonstrating uniformity across all experimental groups.  The highest mean values for 

the dependent variables occurred in the third simulation round for the experimental 



group C (transparent model simulation with structural and behavioral debriefings). They 

exhibited, on average, the best DYN (mean = 0.46) and the best MVA (mean = 0.46). In 

the second round of the simulation, the highest mean values are also associated with the 

experimental group C (transparent model simulation with structural debriefing) (mean 

DYN = 0.31, mean MVA = 0.25). As can be seen in Table 1, participants in Group C 

(transparent model simulation with debriefings) consistently improve their 

comprehension and performance as they progress through the simulation task from 

round 1 to round 3, whereas group A (control group/opaque model simulation) and 

group B (transparent model simulation) only seem to significantly improve their scores 

from round 1 to round 2. 

 

Table 1. Means and standard deviations for variables DYN and MVA for each 

simulation round and experimental group. 

 

«Table 1 is about here» 

 

 

Table 2 shows the results of independent sample t-test of significance for differences in 

means for the dependent variables DYN and MVA between pairs of simulation rounds 

within experimental groups. In order to assess the strength of the difference between the 

groups, a T-test effect size was applied using Cohen's d measure (reference values: d > 

0.2 - small effect; d > 0.5 - moderate effect; and d > 0.8 - large effect). 

As can be observed in Table 2, the differences in the means of DYN and MVA for the 

pair "simulation round 2 - simulation round 1" are significant for all three experimental 

groups (at p < .1 for groups A and B, and at p < .01 for group C), indicating that, on 

average, comprehension and performance are improved in all experimental groups from 

the first to the second round. It must be noted that the differences in the means of group 

C (transparent model simulator with additional structural debriefing in the second 

round) are higher in terms of value, significance, and strength than those of the other 

groups (mean difference DYN = 0.115, p = .001, d = 0.897; mean difference MVA = 

0.158, p = .001, d = 1.140) which seems to suggest a positive effect of structural 

debriefing on the dependent variables. With regard to the pair "simulation round 3 - 

simulation round 2", although groups A and B, on average, improved their DYN and 



MVA (group A: mean difference DYN = 0.002, p = .485, mean difference MVA = 

0.033, p = .201; group B: mean difference DYN = 0.010, p = .417, mean difference 

MVA = 0.014, p = .412), these differences are small and not significant (p > .1). These 

results indicate that, on average, the groups A (opaque model simulator) and B 

(transparent model simulator without debriefing) do not significantly improve their 

DYN and MVA from the second to the third round. In fact, the differences in means of 

the dependent variables are only significant for group C (transparent model simulator 

and structural debriefing with additional behavioral debriefing in the third round) (mean 

difference DYN = 0.146, p = .001, d = 1.050; mean difference MVA = 0.202, p < .001, 

d = 1.149), suggesting a strong positive effect of behavioral debriefing on the variables 

DYN and MVA.  

 

Table 2. Independent sample t-test of significance for differences in means for the 

variables DYN and MVA between pairs of simulation rounds within experimental 

groups. 
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Table 3 presents the outcomes of an independent-samples t-test assessing the 

significance of mean disparities between the variables DYN and MVA across 

simulation rounds. As depicted in Table 3, the mean values of DYN and MVA across 

each simulation round for experimental group B do not exhibit significant 

differentiation compared to those of group A  (control group/ opaque model simulation) 

(round 1: mean difference DYN = 0.014, p = .350; mean difference MVA = 0.060, p = 

.422; round 2: mean difference DYN = 0.011, p = .398; mean difference MVA = 0.039, 

p = .227; round 3: mean difference DYN = 0.020, p = .341; mean difference MVA = 

0.019, p = .354). These results indicate that a higher degree of transparency does not 

lead to better outcomes, thus suggesting that increasing model transparency alone, does 

not help students learn and perform more effectively. In respect to the simulation round 

2, the difference in means between groups C (transparent model simulation and 

structural debriefing) and A (control group/ opaque model simulation) for MVA, is 

significant (mean difference MVA = 0.102, p = .010, d = 0.733). These findings 



indicate that, on average, participants who combine model transparency with previous 

structural debriefing perform better than those using the opaque model simulation. In 

other words, the results suggest a positive joint effect of transparency and previous 

structural debriefing on performance. Within simulation round 3, there are significant 

and strong differences in means between groups C (transparent model simulation with 

structural and behavioral debriefings) and A (control group/ opaque model simulation) 

(mean difference DYN = 0.174, p < .001, d = 1.181; mean difference MVA = 0.270, p < 

.001, d = 1.595), as well as for between groups C and B (transparent model simulation 

without debriefings) (mean difference DYN = 0.154, p = .001, d = 0.974; mean 

difference MVA = 0.251, p < .001, d = 1.269), for both dependent variables. The 

findings indicate that, on average, individuals who integrate model transparency with 

prior structural and behavioral debriefings exhibit enhanced comprehension and 

performance compared to those utilizing either opaque model simulation or transparent 

model simulation separately.  These results indicate that, when combined with model 

transparency, prior structural and behavioral briefings yield cumulative beneficial 

impacts on task outcomes.   

 

Table 3. Conduct independent sample t-tests to assess significance in mean differences 

for variables DYN and MVA among pairs of experimental groups across simulation 

rounds.  
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The participants from group B interacted with a more transparent simulation model as 

they were able to access and appreciate the structural information provided by causal-

loop-diagram and some stock-and-flow diagrams of the simulator model, whereas group 

A (control group) participants had no access to information about the model structure 

and behavior. Nevertheless, group B (transparent model simulation) did not exhibit 

superior task outcomes than group A (opaque model simulation) in terms of 

understanding the model dynamics and performance. With regard to experimental group 

C, because its participants had previously been subjected to a structural debriefing 

(between simulation rounds 1 and 2), they were able to resolve any doubts about the 



interpretation of the structural information provided by the diagrams included in the 

transparent model simulation. This improved their understanding of the structure of the 

simulator model and they were therefore better able to address critical variables and 

relationships. However, in comparison with group B participants (transparent model 

simulation without structural debriefing), group C participants (transparent model 

simulation with structural debriefing), on average, showed no significantly better 

understanding and performance (mean difference DYN = 0.019, p = .336; mean 

difference MVA = 0.063, p = .131). These findings seem to highlight a common 

learning difficulty identified in the systems dynamics literature (Davidsen & Spector, 

2015): i.e. it is difficult to develop an understanding of how the behavior of a complex 

system emerges from its underlying causal structure. Between the second and third 

simulation rounds, the students in Group C participated in a behavioral debriefing. In 

this debriefing session they were able to expose, discuss, and receive explanations from 

the instructor which helped them to overcome their misunderstandings regarding the 

relationship between specific model structures, action patterns and associated expected 

behaviors. These results strongly suggest that this debriefing process enhanced their 

knowledge of the structure and dynamics of the simulator and therefore enabled them to 

achieve better performance outcomes. 

Table 4 displays the results of multivariate regression analyses of DYN and MVA on 

the independent variables DTR, STD, BVD, and NR. Regression analysis for DYN on 

the independent variables reveals no significant effects for DTR (β = 0.018, p = .797),  

and STD (β = 0.122, p = .178), and significant effects for BVD (β = 0.211, p = .020), 

and SR (β = .222, p = .003). Regression analysis of MVA displays no significant effects 

for DTR (β = 0.042, p = .512), and significant effects for STD (β = .208, p = .013), 

BVD (β = .257, p = .002), and SR (β = .225, p < .001). These results support three of 

the six hypotheses. As indicated in Table 3, the mean values of DYN and MVA (within 

simulation rounds) for experimental group B (high DTR, low STD, and low BVD) were 

not significantly different from those for experimental group A/the control group (low 

DTR, low STD, and low BVD). Furthermore, between simulation rounds 2 and 3, the 

participants in group B, like those in the group A, did not significantly improve their 

comprehension and performance (Table 2). Also, the regression (Table 4) did not show 

significant effects (at .05 significance level) of DTR on DYN and MVA. Consequently, 



our research does not provide support for hypotheses H1 (the degree of transparency of 

the simulation model positively influences understanding of the model dynamics) and 

H2 (the degree of transparency of the simulation model positively influences 

performance). 

 

Table 4. Regression outcomes for each of the independent variables.  
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As discussed previously, the results presented in Table 2 and table 3 suggest that STD 

positively moderates the impact of DTR on MVA. Additionally, as the structural 

debriefing session complements the transparent model simulation (high DTR), a 

significant effect of STD on MVA (Table 4) also supports the existence of that 

moderation effect. Therefore, these results substantiate hypothesis H4 (prior structural 

debriefing combined with model transparency enhances performance / structural 

debriefing effectively moderates the influence of transparency level on performance).  

Nevertheless, our study fails to substantiate hypothesis H3 (prior structural debriefing 

alongside model transparency enhances comprehension of model dynamics/ structural 

debriefing moderates positively the effect of transparency level on model dynamics 

understanding). . As indicated in Table 3, in simulation round 2, the participants from 

group C (transparent model simulation with structural debriefing) did not exhibit better 

model comprehension than those from groups A (opaque model simulation) and B 

(transparent model simulation without debriefing). Also, the regression results (Table 4) 

do not present a significant effect (at .05 significance level) of STD on DYN.  

As indicated by Table 2 and Table 3, the variable BVD seems to positively moderate 

the joint effect of DTR and STD on DYN and MVA. The previous behavioral 

debriefing complements the previous structural debriefing in the transparent model 

simulation approach. Consequently, the regression results (Table 4) indicate to what 

extent BVD moderates the joint effect of STD and DTR on DYN and MVA. Therefore, 

regression results also support hypothesis H5 (previous behavioral debriefing - 

combined with model transparency and previous structural debriefing - positively 

influences understanding of model dynamics / behavioral debriefing positively 



moderates the joint effect that The impact of transparency degree and structural 

debriefing on the comprehension level of model dynamics, and hypothesis H6 (prior 

behavioral debriefing - in conjunction with model transparency and prior structural 

debriefing - enhances performance / behavioral debriefing moderates positively the 

combined impact of transparency degree and structural debriefing on performance. As 

predicted, the outcomes provide strong evidence that the behavioral debriefing provided 

participants with a potent tool for contemplating the connection between model 

structure and behavior, thereby expediting their comprehension of the dynamics of the 

simulated system and improving their performance.  

 

Limitations and future research 

The similarity between the structure and behavior of the students’ mental models and 

the structure and behavior of the simulation model was not measured directly in the 

experiment and could, therefore, be a matter for future research. Instead, the present 

study used the variable DYN to assess the student’s comprehension of model dynamics. 

The present study analyzed the combined effects of progressively adding model 

transparency, previous structural debriefing, and previous behavioral debriefing. Further 

research might consider a research design that would permit investigation of the 

individual impacts of these experiment conditions. Another study might investigate the 

effects of combining structural and behavioral debriefings in the same session. 

Additionally, several potential methodological limitations to the current investigation 

exist. The research method was based on a quasi-experimental design, as there was no 

random allocation of students to the experimental and control groups. Standardized 

student-teacher relationships and classroom features were also difficult to control.  

 

Conclusion 

In order to contribute to the ongoing research described in the question posed - what 

type of instructional support needs to be offered to enable learners to take full advantage 

of transparent model simulations? – A pedagogical study was implemented to evaluate a 

collection of hypotheses designed to examine the moderating influence of prior 

structural and behavioral debriefing on the effect of model transparency on learning and 

performance in a sophisticated dynamic task. The findings from the t-test and regression 



analysis validate three out of six hypotheses. Hypotheses H1 (the level of transparency 

positively impacts the comprehension of model dynamics) and H2 (the level of 

transparency positively impacts performance) are not validated. Contrary to the 

hypotheses formulated, the results of this study reveal that, in terms of learning and 

performance, a simulation approach is not made more effective by additionally showing 

students the diagrams of the simulator model. Consequently, a practical implication of 

the above revelations is that an SBLE model does not become more transparent and 

understandable to students simply by making the diagrams of the simulator model 

visible. These results are convergent with previous studies (e.g. Capelo & Dias, 2009a; 

Capelo & Silva, 2020; 2005; Kopainsky & Alessi, 2015) that also revealed the limited 

effects of using more transparent conditions. In order to benefit from the information 

contained in the CLD and SFD diagrams representing the structure of the simulation 

model, students must be able to read and interpret these diagrams. Otherwise, students 

will not benefit from accessing this additional information, which will only distract 

them from their learning (Groesser, 2012). In line with the previous condition, the 

results can be explained by the fact that the students, despite having previously received 

a lecture on CLDs and SFDs, were not sufficiently familiar with the tools of system 

dynamics and were therefore not fully able to read and interpret the diagrams of the 

model correctly. 

The results of this experiment lead us to conclude that students who interacted with a 

more transparent model simulator and were previously involved in structural debriefing 

significantly improved their performance, which supports hypothesis H4 . This 

conclusion is in line with previous research on the learning effects of model 

transparency. Machuca (2000) found that transparent model simulations facilitate 

management learning about organizational complexity, and the simulation experiment 

conducted by Größler et al. (2000) also showed positive performance effects of model 

transparency. Similarly, Qudrat-Ullah (2007) also discovered that engaging students in 

pre-discussions about the model structure enhanced their mental models and task 

performance. Additionally, these results seem to reinforce the idea that emerged from 

previous studies (e.g. Capelo & Dias, 2009a; Capelo & Silva, 2020; Kopainsky et al., 

2015; Elsawah et al., 2017; Van Borkulo et al., 2012) which is that participants need to 

be subjected to specific complementary instructional strategies to facilitate 



comprehension of the model structure. However, the findings of the current study do not 

corroborate hypothesis H3 (prior structured debriefing combined with model 

transparency positively impacts comprehension of model dynamics/structured 

debriefing positively moderates the effect that transparency degree has on understanding 

model dynamics).  From the result of the test of hypothesis H4 we can conclude that the 

students improved their control of the simulation task thanks to the additional 

information provided by the transparent interface. However, the sequences of simulation 

decisions made by participants who received the model transparency and structural 

debriefing treatment did not evidence that they consistently enhanced their 

understanding of the simulator dynamics. These results are in line with the results of the 

experiment conducted by Capelo & Silva (2020), which concluded that although a 

simulator transparency strategy helps students to identify certain causal structures in the 

model, they are not able to correctly infer the dynamic behavior of the simulator model. 

This deduction is consistent with a cognitive limitation frequently mentioned in the 

literature (e.g. Davidsen & Spector, 2015; Schaffernicht, 2010): i.e. individuals have 

difficulty in comprehending how the behavior of a complex system stems from its 

causal structure. In light of the mental model (of a dynamic system) theory, which 

asserts that mental models are cognitive mechanisms that comprise knowledge about the 

structure and behavior of the external system (Doyle & Ford, 1998), these findings seem 

to configure the type of mental model deficiency related to failure in acknowledging 

relevant dynamic behaviors that emerge from the system structure (Sterman, 1994). 

The findings validate hypothesis H5 (earlier behavioral review - integrated with model 

transparency and earlier structural review - positively affects the comprehension of 

model dynamics / behavioral review positively moderates the combined impact of 

transparency and structural review on understanding model dynamics) and hypothesis 

H6 (earlier behavioral review - integrated with model transparency and earlier structural 

review - positively affects performance / behavioral review positively moderates the 

combined impact of transparency and structural review on performance).  As predicted, 

the results of the present study provide strong evidence that the combination of previous 

structural and behavioral debriefing provided subjects with an effective learning 

approach that helped them to correctly identify and understand the critical causal 

structures of the simulator model and to infer the dynamic behavior that resulted from 



these structures. This significantly improved their ability to deal with the dynamics of 

the simulated system and improved performance. One possible explanation is that, in 

the first simulation round, students tend to rush into trying the first strategy that comes 

to mind rather than thinking carefully to identify the critical causal structures and 

behaviors. In the second round (after the structural debriefing), their mental models may 

still lack completeness and coherence, may be ambiguous and, most importantly, may 

fail to acknowledge dynamic behavior. After undergoing behavioral debriefing, students 

were more aware of critical behaviors that emerge from the few causal structures that 

most determine task performance. Consequently, they were able to dedicate and direct 

their (limited) cognitive resources towards the most relevant information. 

These results are consistent with previous research, namely the findings reported by 

Sengupta and Abdel-Hamid (1993) that cognitive feedback and feedforward favor 

performance, by Richardson et al. (1994) that to affect performance, conditions need to 

both influence the design logic level and the operator logic level, and by Qudrat-Ullah 

(2020) that process-oriented debriefing is adequate for acquiring decision-making skills 

in dynamic tasks. Overall, the findings of our investigation corroborate a premise 

previously identified in earlier studies (e.g. Diehl & Sterman, 1995; Sterman, 1989) that 

learners encounter two types of challenges - i) misunderstandings of the system 

architecture and ii) misunderstandings of the dynamic behaviors arising from the system 

architecture – hence it is crucial to offer facilitation to enhance a subject’s performance 

and comprehension of system dynamics (e.g. Capelo & Dias, 2009b; Kopainsky & 

Sawicka, 2011; Qudrat-Ullah, 2014, 2020).   

Regarding the ramifications for the evolution of SBLEs, the findings of this research 

offer robust proof that an SBLE aimed at education in intricate and fluid fields can gain 

advantages from a pedagogical approach that merges model transparency (via an 

interface displaying key aspects of the model's architecture and actions) with a 

methodical application of structural and behavioral debriefing during the simulation 

phases. In the present experiment, the more transparent interface includes a control 

panel that shows the student both a critical stock-and-flow structure of the model and its 

corresponding behavior. As observed in the transparent condition without previous 

debriefing, although students had access to this critical structural information, they had 

difficulty recognizing the relevant dynamic behaviors that emerged from the model 



structure. Assuming that a mental model (of a dynamic system) can include structural 

and behavioral elements of the external system being represented, and that previous 

research has shown that mental models are subject to misperceptions of system structure 

(variables and causal relations) and misperceptions of the dynamic behavior that 

emerges from dynamically complex structures, these findings seem to suggest that in 

such an experimental condition, students' mental models may not be able to adequately 

represent the external system (simulator model). On the other hand, according to the 

hypotheses formulated, the results seem to indicate that the debriefing sessions 

effectively supported and directed the students' (limited) cognitive resources to certain 

critical structural and behavioral aspects of the simulator model that are fundamental for 

success in the simulation task. In other words, this approach seems to provide students 

with the opportunity to develop more accurate knowledge (mental models) of the model 

structure and behavior, to more accurately anticipate the consequences of possible 

courses of action, and to improve task performance. 

This experiment also contributes to ongoing research on learning and decision making 

in complex and dynamic environments. The results appear to indicate that for decision-

makers to achieve success, it is not enough for them to simply obtain precise data 

regarding contextual variables and interconnections.  In order to mentally infer the 

likely outcomes of policy actions, decision-makers’ mental models must also be 

informed about dynamic behaviors that emerge from critical causal structures. These 

findings reinforce the need to investigate and discover approaches to effectively inform 

and improve decision-makers’ mental models.   

The results of this research also enhance the field of system dynamics by reaffirming the 

importance of utilizing educational simulators, alongside specific pedagogical 

techniques, as a core strategy for optimizing performance and comprehension in 

intricate and dynamic activities.  

 

References 

Alessi SM, Kopainsky B. 2015. System dynamics and simulation/gaming: Overview. 

Simulation & Gaming 46: 223–229. Doi: 10.1177/1046878115596390 

Argyris C, Schon D. 1974. Theory in Practice: Increasing Professional Effectiveness. 

Jossey-Bass: San Francisco. 



Atkins P. Wood R, Rutgers P. 2002. The effects of feedback format on dynamic 

decision making. Organizational Behavior and Human Decision Processes 88 (2): 587-

604. Doi: 10.1016/S0749-5978(02)00002-X 

Capelo C, Dias J. 2009a. A system dynamics-based simulation experiment for testing 

mental model and performance effects of using the balanced scorecard. System 

Dynamics Review 25: 1–34. Doi: 10.1002/sdr.413 

Capelo C, Dias J. 2009b. A feedback learning and mental models perspective on 

strategic decision making. Educational Technology Research & Development 57: 629-

644. Doi: 10.1007/s11423-009-9123-z 

Capelo C, Dias J, Pereira R. 2018. A system dynamics approach to analyse the impact 

of energy efficiency policy on ESCO ventures in European Union countries: a case 

study of Portugal. Energy Efficiency 11: 1-33. Doi: 10.1007/s12053-018-9617-9 

Capelo C, Dias J, Pereira R. 2020. Performance effects of structural and behavioral 

debriefings in transparent simulations. In Proceedings of the IADIS international 

conference on cognition and exploratory learning in the digital age, Sampson DG, 

Ifenthaler D, Isaías P (eds). IADIS: virtual; 149-156. Doi: 

10.33965/celda2020_202014l019 

Capelo C, Dias J, Pereira R. 2021. Teaching the dynamics of the growth of a business 

venture through transparent simulations. The International Journal of Management 

Education 19(3): 100549. Doi: 10.1016/j.ijme.2021.100549 

Capelo C, Silva A. 2020. Optimizing the learning potential of simulations through 

structural transparency and exploratory guidance. Simulation & Gaming 51(4): 498–

523. Doi: 10.1177/1046878120916209 

Cheverst K, Byun H, Fitton D, Sas C, Kray C, Villar N. 2005. Exploring issues of user 

model transparency and proactive behavior in an office environment control system. User 

Modeling and User-Adapted Interaction 15: 235-273. Doi: 10.1007/s11257-005-1269-8 

Cronin A, Gonzalez C. 2007. Understanding the building blocks of dynamic systems. 

System Dynamics Review 23(1): 1–17. Doi: 10.1002/sdr.356 

Crookall D. 2010. Serious games, debriefing, and simulation/gaming as a discipline. 

Simulation & Gaming: An International Journal 41: 898-920.  

Doi: 10.1177/1046878110390784 



Cunico G, Aivazidou E, Mollona E. 2021. System dynamics gamification: A proposal 

for shared principles. Systems Research and Behavioral Science: 1–11.  

Doi: 10.1002/sres.2805 

Davidsen P, Spector J. 2015. Critical reflections on system dynamics and 

simulation/gaming. Simulation & Gaming 46: 430-444.  

Doi: 10.1177/1046878115596526 

Diehl E, Sterman JD. 1995. Effects of feedback complexity on dynamic decision 

making. Organizational Behavior and Human Decision Processes 62(2): 198–215.  

Doi: 10.1006/obhd.1995.1043 

Doyle JK, Ford DN. 1998. Mental models concepts for system dynamics research. 

System Dynamics Review 14: 3–29. Doi: 10.1002/(SICI)1099-

1727(199821)14:1<3::AID-SDR140>3.0.CO;2-K 

Doyle JK, Ford DN. 1999. Mental models concepts revisited: some clarifications and a 

reply to Lane. System Dynamics Review 15: 411–415. 

Doi: 10.1002/(SICI)1099-1727(199924)15:4<411::AID-SDR181>3.0.CO;2-R 

Elsawah S, McLucas A, Mazanov J. 2017. An empirical investigation into the learning 

effects of management flight simulators: A mental models approach. European Journal 

of Operational Research 259(1): 262-272. Doi: 10.1016/j.ejor.2016.10.011 

Fanning RM, Gaba DM. 2007. The role of debriefing in simulation-based learning. 

Simulation in Healthcare 2(2): 115–125. Doi: 10.1097/SIH.0b013e3180315539 

Forrester J. 1961. Industrial Dynamics. Pegasus Communications: Waltham, MA. 

Franco L, Hämäläinen R, Rouwette E, Leppänen I. 2021. Taking stock of behavioral 

OR: A review of behavioral studies with an intervention focus. European Journal of 

Operational Research 293(2): 401-418. Doi: 10.1016/j.ejor.2020.11.031 

Gary M, Wood R. 2011. Mental models, decision rules and perform heterogeneity. 

Strategic Management Journal 32(6): 569-594. Doi: 10.1002/smj.899 

Gary M, Wood R. 2016. Unpacking mental models through laboratory experiments. 

System Dynamics Review 32(2): 101–129. Doi: 10.1002/sdr.1560 

Größler A, Maier F H, Milling PM. 2000. Enhancing learning capabilities by providing 

transparency in business simulators. Simulation & Gaming: An International Journal 

31(2): 257-278. Doi: 10.1177/104687810003100209 



Groesser SN. 2012. Model-based learning with system dynamics. In Seel N. (ed.) 

Encyclopedia of the sciences of learning, Springer, New York, 2303–2307. 

Groesser SN, Schaffernicht M. 2012. Mental models of dynamic systems: taking stock 

and looking ahead. System Dynamics Review 28(1): 46-68. Doi: 10.1002/sdr.476 

Hsiao N, Richardson G. 1999. In Search of Theories of Dynamic Decision Making: A 

Literature Review. In Proceedings of the 17th International Conference of the System 

Dynamics Society, Wellington, New Zealand. 

Hendijani H. 2021. Analytical thinking, Little’s Law understanding, and stock-flow 

performance: Two empirical studies. System Dynamics Review 37(2-3): 99-125.  

Doi: 10.1002/sdr.1685 

Humphreys KA, Gary MS, Trotman KT. 2016. Dynamic decision making using the 

balanced scorecard framework. Accounting Review 91(5): 1441–1465. 

Doi: 10.2308/accr-51364 

Kampmann C, Sterman JD. 2014. Do markets mitigate misperceptions of feedback? 

System Dynamics Review 30(3): 123-160. DOI: 10.1002/sdr.1515 

Kopainsky B, Alessi SM. 2015. Effects of structural transparency in system dynamics 

simulators on performance and understanding. Systems 3: 152-176. Doi: 

10.3390/systems3040152 

Kopainsky B, Sawicka A. 2011. Simulator‐supported descriptions of complex dynamic 

problems: experimental results on task performance and system understanding. System 

Dynamics Review 27(2): 142-172. Doi: 10.1002/sdr.445 

Kopainsky B, Alessi SM, Pedercini M, Davidsen PI. 2015. Effect of prior exploration as 

an instructional strategy for system dynamics. Simulation & Gaming 46: 293-321. Doi: 

10.1177/1046878113517536 

Kriz WC. 2010. A systemic-constructivist approach to the facilitation and debriefing of 

simulations and games. Simulation and Gaming 41(5): 663–680. Doi: 

10.1177/1046878108319867. 

Landriscina F. 2013. Simulation and learning - A model-centered approach. Springer: 

New York:  

Lane DC. 2008. The Emergence and Use of Diagramming in System Dynamics: A 

Critical Account. Systems Research and Behavioral Science 25: 3-23.  

Doi: 10.1002/sres.826 



Machuca JAD. 2000. Transparent-box business simulators: An aid to manage the 

complexity of organizations. Simulation & Gaming 31: 230–239. Doi: 

10.1177/104687810003100207 

Maier F, Größler A. 2000. What are we talking about? - A taxonomy of computer 

simulations to support learning. System Dynamics Review 16(2): 135-148. Doi: 

10.1002/1099-1727(200022)16:2<135::AID-SDR193>3.0.CO;2-P 

Milrad M, Spector JM, Davidsen PI. 2003. Model facilitated learning. In Naidu S. (ed.) 

Learning and teaching with technology: Principles and practices, Kogan Page, London, 

England, 13-27. 

Mulder YG, Lazonder AW, de Jong T. 2015. Simulation-based inquiry learning and 

computer modeling: Pitfalls and potentials. Simulation & Gaming 46: 322-347.  

Doi: 10.1177/1046878115577159 

Ozgun O, Barlas Y. 2015. Effects of systemic complexity factors on task difficulty in a 

stock management game. System Dynamics Review 31, 115–146.  

Doi: 10.1002/sdr.1543 

Pavlov O, Saeed K, Robinson L. 2015. Improving instructional simulation with 

structural debriefing. Simulation & Gaming 46, 383-403.  

Doi: 10.1177/1046878114567980 

Qudrat-Ullah H. 2007. Debriefing can reduce misperceptions of feedback: The case of 

renewable resource management. Simulation & Gaming: An International Journal 38: 

382-397. Doi: 10.1177/1046878107300669 

Qudrat-Ullah H. 2014. Yes we can: Improving performance in dynamic tasks. Decision 

Support Systems 61: 23-33. Doi: 10.1016/j.dss.2014.01.009 

Qudrat-Ullah H. 2020. Improving human performance in dynamic tasks with 

debriefing-based interactive learning environments: An empirical investigation. 

International Journal of Information Technology & Decision Making 19(4): 1065-1089. 

Doi: 10.1142/S0219622020500224 

Richardson G, Andersen D, Maxwell T, Stewart T. 1994. Foundations of mental model 

research. In Proceedings of the 12th International Conference of the System Dynamics 

Society, Sterling, Scotland.  

Rouwette EAJA, Großler A, Vennix JAM. 2004. Exploring Influencing Factors on 



Rationality: A Literature Review of Dynamic Decision-Making Studies in System 

Dynamics. Systems Research and Behavioral Science 21: 351-370. 

Doi:10.1002/sres.647 

Scott RJ, Cavana RY, Cameron D. 2014. Mechanisms for understanding mental model 

change in group model building. Systems Research and Behavioral Science.  

Doi: 10.1002/sres.2303 

Schaffernicht M. 2010. Causal Loop Diagrams Between Structure and Behavior: A 

Critical Analysis of the Relationship Between Polarity, Behavior and Events. Systems 

Research and Behavioral Science 27: 653-666. Doi: 10.1002/sres.1018 

Schaffernicht M. 2019. Unrecognized interdependencies in mental models - The 

case for taking feedback loops into account. Systems Research and Behavioral Science 

36: 580-603. Doi: 10.1002/sres.2336 

Sengupta K, Abdel-Hamid T. 1993. Alternative Conceptions of Feedback in Dynamic 

Decision Environments: An Experimental Investigation. Management Science 39(4): 

411-428. Doi: 10.1287/mnsc.39.4.411 

Sterman JD. 1989. Misperceptions of feedback in dynamic decision making. 

Organizational Behavior and Human Decision Processes 43, 301-335. 

Doi: 10.1016/0749-5978(89)90041-1 

Sterman JD. 1994. Learning in and about complex systems. System Dynamics Review 

10(2/3): 291-330. Doi: 10.1002/sdr.4260100214 

Sterman JD. 2010. Does formal system dynamics training improve people’s 

understanding of accumulation? System Dynamics Review 26: 316-334. Doi: 

10.1002/sdr.447 

Sterman JD. 2000. Business Dynamics: Systems Thinking and Modeling for a Complex 

World. Irwin McGraw-Hill: New York. 

Sterman JD. 2002. All models are wrong: reflections on becoming a systems scientist. 

System Dynamics Review 18: 501–531. Doi: 10.1002/sdr.261 

Sterman JD, Dogan G. 2015. I’m not hoarding, I’m just stocking up before the hoarders 

get here: behavioral causes of phantom ordering in supply chains. Journal of Operations 

Management 39–40: 6–22. Doi: 10.1016/j.jom.2015.07.002 



Strohhecker J, Leyer M. 2019. How stock-flow failure and general cognitive ability 

impact performance in operational dynamic control tasks. European Journal of 

Operational Research 276: 1044–1055. Doi: 10.1016/j.ejor.2019.01.048 

Stouten H, Polet H, Heene A, Gellynck X. 2017. Learning from Collaboratively Playing 

with Simulation Models in Policy Making: An Experimental Evaluation in Fisheries 

Management. Systems Research and Behavioral Science 34: 403–413.  

Doi: 10.1002/sres.2464 

Stouten H, Größler A. 2016. Task complexity in individual stock control tasks for 

laboratory experiments on human understanding of dynamic systems. Systems Research 

and Behavioral Science 34: 62–77. Doi: 10.1002/sres.2399 

Van Borkulo SP, Van Joolingen WR, Savelsbergh ER, de Jong T. 2012. What can be 

learned from computer modeling? Comparing expository and modeling approaches to 

teaching dynamic systems behavior. Journal of Science Education and Technology 

21(2): 267–275. Doi: 10.1007/s10956-011-9314-3 

 

 

  



Table 1. Means and standard deviations for variables DYN and MVA for each 

simulation round and experimental group. 

      
DYN - Understanding of 

the model dynamics 
  MVA - Performance 

Treatment Description N Mean SD   Mean SD 
 Round 1 

A Low DTR, low STD, low BVD 22 0.22 0.12  0.10 0.11 

B High DTR, low STD, low BVD 22 0.23 0.12  0.10 0.10 

C High DTR, low STD, low BVD 22 0.20 0.12   0.10 0.12 

 Round 2 

A Low DTR, low STD, low BVD 22 0.28 0.13  0.15 0.12 

B High DTR, low STD, low BVD 22 0.29 0.15  0.19 0.21 

C High DTR, high STD, low BVD 22 0.31 0.13   0.25 0.15 

 Round 3 

A Low DTR, low STD, low BVD 22 0.28 0.15  0.19 0.14 

B High DTR, low STD, low BVD 22 0.30 0.17  0.21 0.20 

C High DTR, high STD, high BVD 22 0.46 0.14   0.46 0.20 

Variable definition:  
DTR - Degree of Transparency; Low DTR: Subjects do not have access to information about the structure of the 
model; High DTR: Subjects can visualize the CLD and some SFDs of the simulator model. 
STD - Structural Debriefing; Low STD: Subjects did not participate in a prior structural debriefing; High STD:  
Subjects will have been submitted previously to a structural debriefing. 
BVD - Behavioral Debriefing; Low BVD: Subjects did not participate in a prior behavioral debriefing; High BVD: 
Subjects will have been submitted previously to a behavioral debriefing. 

 

  



Table 2. Independent sample t-test of significance for differences in means for the 

variables DYN and MVA between pairs of simulation rounds within experimental 

groups. 

  
DYN - Understanding of the 

model dynamics 
  MVA - Performance 

Treatment 
Mean 
Differ. 

Cohen’s 
da 

p-
value 

  
Mean 
Differ. 

Cohen’s 
da 

p-
value 

Round 2 - Round 1 
A - Low DTR, low STD, low BVD 0.066* 0.515 .048  0.054* 0.470 .063 
B - High DTR, low STD, low BVD 0.062* 0.448 .073  0.087* 0.531 .044 
C - High DTR, high STD - low STD, low BVD 0.115** 0.897 .001   0.158** 1.140 .001 

Round 3 - Round 2 
A - Low DTR, low STD, low BVD 0.002 0.011 .485  0.033 0.255 .201 
B - High DTR, low STD, low BVD 0.010 0.063 .417  0.014 0.067 .412 
C - High DTR, high STD, high BVD - low BVD 0.146** 1.050 .001   0.202** 1.149 .000 

**p < .01, *p < .1 

a. t-test effect size using Cohen’s d measure. Reference values: d > 0.2 (small effect), d > 0.5 (moderate effect), and d 
> 0.8 (large effect). 
Variable definition:  
DTR - Degree of Transparency; Low DTR: Subjects do not have access to information about the structure of the 
model; High DTR: Subjects can visualize the CLD and some SFDs of the simulator model. 
STD - Structural Debriefing; Low STD: Subjects did not participate in a prior structural debriefing; High STD:  
Subjects will have been submitted previously to a structural debriefing. 
BVD - Behavioral Debriefing; Low BVD: Subjects did not participate in a prior behavioral debriefing; High BVD: 
Subjects will have been submitted previously to a behavioral debriefing. 

 

 

  



Table 3. Independent sample t-tests of significance for differences in means for the 

variables DYN and MVA between pairs of experimental groups within simulation 

rounds. 

  
DYN - Understanding of 

the model dynamics 
  MVA - Performance 

Pair 
Mean 
Differ. 

Cohen’s 
da 

p-
value 

  
Mean 
Differ. 

Cohen’s 
da 

p-
value 

Round 1 

B (high DTR) - A (low DTR) 0.014 0.117 .350  0.006 0.060 .422 

C (high DTR) - A (low DTR) -0.020 -0.162 .297  -0.002 -0.017 .478 

C (high DTR) - B (high DTR) -0.034 -0.278 .181   -0.008 -0.072 .407 

Round 2 

B (high DTR/low STD) - A (low DTR/STD) 0.011 0.079 .398  0.039 0.228 .227 

C (high DTR/STD) - A (low DTR /STD) 0.030 0.224 .231  0.102* 0.733 .010 

C (high DTR/STD) - B (high DTR/low STD) 0.019 0.128 .336   0.063 0.343 .131 

Round 3 

B (high DTR/low STD/BVD) - A (low DTR/STD/ BVD) 0.020 0.124 .341  0.019 0.114 .354 

C (high DTR/STD/BVD) - A (low DTR/ STD/ BVD) 0.174** 1.181 .000  0.270** 1.595 .000 

C (high DTR/STD/BVD) - B (high DTR/low STD/ BVD) 0.154** 0.974 .001   0.251** 1.269 .000 

**p < .01, *p < .05 
a. T-test effect size using Cohen’s d measure. Reference values: d > 0.2 (small effect), d > 0.5 (moderate effect), and d 
> 0.8 (large effect). 
Variable definition:  
DTR - Degree of Transparency; Low DTR: Subjects do not have access to information about the structure of the 
model; High DTR: Subjects can visualize the CLD and some SFDs of the simulator model. 
STD - Structural Debriefing; Low STD: Subjects did not participate in a prior structural debriefing; High STD:  
Subjects will have been submitted previously to a structural debriefing. 
BVD - Behavioral Debriefing; Low BVD: Subjects did not participate in a prior behavioral debriefing; High BVD: 
Subjects will have been submitted previously to a behavioral debriefing. 

 

 

  



Table 4. Regression results for all independent variables. 

    Dependent Variables 

  
DYN - Understanding of 

the model dynamics 
 MVA - Performance 

Independent Variables  Standardized 
Beta 

p-value  Standardized 
Beta 

p-value 

DTR - Degree of Transparency  .018 .797  .042 .512 

STD - Structural Debriefing  .122 .178  .208* .013 

BVD - Behavioral Debriefing  .211* .020  .257** .002 

NR – Number of Simulation Round   .222** .002   .225** .000 

Adjusted R2 (Significance)    .188 (.001)   .311 (.001) 

**p < .01, *p < .05 

 


