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Structured Abstract 31 

Objective: To provide a review of contemporary research and applications on dynamic 32 

decision making (DDM). 33 

Background: Since early DDM studies, there has been little systematic progress in 34 

understanding decision making in complex, dynamic systems. Our review contributes to better 35 

understanding of decision making processes in dynamic tasks. 36 

Method: We discuss new research directions in DDM to highlight the value of 37 

simplification in the study of complex decision processes; divided into experimental and 38 

theoretical/computational approaches; and focus on problems involving control tasks, and search 39 

and choice tasks. In computational modeling, we discuss recent developments in Instance-Based 40 

Learning and Reinforcement Learning that advance modeling the processes of dynamic 41 

decisions. 42 

Results: Results from DDM research reflect a trend to scale down the complexity of 43 

DDM tasks to understand the process of decision making. Recent research focuses on the 44 

dynamic complexity emerging from the interactions of actions and outcomes over-time even in 45 

simple dynamic tasks. 46 

Conclusion: The study of DDM in theory and practice continues to be a priority area of 47 

research. New research directions can help the Human Factors community to understand the 48 

effects of experience, knowledge, and adaption processes in DDM tasks; but research challenges 49 

remain to be addressed, and the recent perspectives discussed can help advance a systematic 50 

DDM research program. 51 

Application: Classical domains such as automated pilot systems, fighting fires, and 52 

medical emergencies continue to be central applications of basic DDM research, but new 53 

domains such as cybersecurity, climate change, and forensic science are emerging as other 54 

important applications. 55 

 56 

Keywords: Dynamic Decision Making, Cognitive Models, Reinforcement Learning, 57 

Instance-Based Learning, Decisions from Experience. 58 

 59 
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Précis: Relatively little progress has been made in understanding the processes by which 60 

people make decisions in dynamic tasks. A major touchstone is the simplification of 61 

experimental paradigms and computational models that have contributed to increased interest 62 

and recent advancement; and a long-term challenge is the systematic expansion of these findings.  63 

64 
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Introduction 65 

Dynamic decision making (DDM) research involves the study of complex tasks that are 66 

represented in computer simulations, often called microworlds (Brehmer & Dorner, 1993; 67 

Gonzalez, Vanyukov, & Martin, 2005; Gray, 2002). Such tasks include commanding a group of 68 

firefighters in an unknown environment (e.g., Brehmer & Allard, 1991; Omodei & Wearing, 69 

1995), determining the procedures to follow in emergency situations (e.g., Joslyn & Hunt, 1998), 70 

and managing scarce resources under time constraints and workload (Gonzalez, 2004; Gonzalez, 71 

2005), among others. From this research, we have learned that making decisions in complex 72 

dynamic tasks is very challenging for humans. For example, people do not always improve their 73 

decisions with practice in a task (Brehmer, 1980); their performance may remain suboptimal 74 

even with extended practice, full and immediate feedback, unlimited time, and high performance 75 

incentives (Sterman, 1994; Diehl & Sterman, 1995). People are generally poor at handling 76 

systems with long feedback delays (Brehmer, 1992; Sterman, 1989), and they have difficulty 77 

learning in situations involving environmental constraints such as workload and time pressure 78 

(Gonzalez, 2004, 2005; Kerstholt & Raaijmakers, 1997). Unfortunately, highlighting suboptimal 79 

performance and the poor strategies humans use in these tasks, do not give insights on how 80 

people actually make decisions and the basic processes involved to be able to improve decision 81 

making (Gonzalez, Lerch, & Lebiere, 2003; Hotaling, Fakhari, & Busemeyer, 2015). 82 

Identifying the boundaries of decision making in complex, dynamic tasks is only a 83 

motivation towards understanding how these difficulties emerge. A revelation of years of 84 

research with DDM tasks that are structurally complex (i.e., they consists of a large number of 85 

alternatives, high time constraints and uncertainty) and tasks that are structurally simple (i.e., 86 

they have few alternatives, no time constraints, and little uncertainty), is that dynamics and 87 
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complexity of human behavior exist even in tasks that appear simple. Simple tasks can have 88 

dynamic complexity, which emerges from the relationship between choices and their effects over 89 

time, from the sequential nature of these interdependencies, and from the various lags between 90 

actions and their effect on the environment (Sterman, 1989; Gonzalez, 2014). Dynamically 91 

complex tasks that are structurally simple are very common in many daily life situations. For 92 

instance, a diabetic patient may have difficulty controlling the different speeds and delays of 93 

choices (s)he makes even when the alternatives are limited (e.g., taking insulin, taking some 94 

sugar by mouth or drink) (Brunstein, Gonzalez, & Kanter, 2010); a witness viewing a police line-95 

up may be influenced by the order in which the pictures are presented and by the time spent 96 

observing each individual picture, even when there are limited options in the lineup (Wells & 97 

Olson, 2003); and searching for the best partner is influenced by who we meet and spend time 98 

with, before we make a marriage decision (Todd, 1997). The study of dynamic complexity alone 99 

helps in understanding basic decision making processes, and perhaps the most important source 100 

of difficulty in DDM. 101 

The simplification of dynamic tasks has occurred not only in laboratory studies but also 102 

in theoretical developments. Interests have emerged in using computational representations of 103 

cognitive processes to elucidate the cognitive mechanisms by which people make decisions in 104 

dynamically complex tasks (Busemeyer & Townsend, 1993; Busemeyer, 2002; Busemeyer & 105 

Pleskac, 2009; Gonzalez et al., 2003; Dienes and Fahey, 1995; Gibson, Fichman, & Plaut, 1997). 106 

Although existing models differ in many aspects, they highlight common processes in DDM: 107 

learning from exploration, experiential-based decisions, sequential search for information and 108 

search through alternatives, and feedback processing and delays.  Recent and future research 109 
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should make connections between these processes and the behavior in dynamically complex 110 

tasks. 111 

In what follows, we provide a brief review of laboratory studies and theoretical 112 

developments focusing on those that contribute explanations and formalization of decision-113 

making processes in dynamic environments. We start with a definition of DDM, present a 114 

synthesis of recent experimental results, review major theoretical advancements and 115 

computational approaches, and end with discussion of applications and trends in DDM research.  116 

Dynamic Decision Making: A Continuum of Dynamics and Complexity 117 

Early definitions of DDM rely on a distinction between static and dynamic decisions 118 

(Edwards, 1954; 1961; 1962; Rapoport, 1975; Toda, 1962). Static decisions are characterized by 119 

a single choice and are often conceptualized as linear processes – one observes explicit 120 

alternatives and make a decision but cannot learn from the consequences of those decisions 121 

(Gonzalez, 2013; 2012; Rapoport, 1975). Alternatives in typical static decisions are often 122 

described by probabilities and likelihoods; a choice between an alternative that gives $3 for sure 123 

and one that gives $4 with probability 0.8 and $0 otherwise, is an example of a static decision. 124 

Dynamic decisions, in contrast, involve a sequence of choices made in an environment 125 

that can change exogenously or as a function of previous choices and where decisions are 126 

sequentially linked to each other through their effects so that an action at a specific time directly 127 

or indirectly influences future actions (Edwards, 1962; Brehmer, 1992; Gonzalez 2014; 128 

Busemeyer, 2002). Consider our previous example on searching for the best partner. Whether or 129 

not we continue to see a person affects our chances to meet a better/worse candidate. 130 

However, DDM exists as a continuum of dynamics and complexity. As described in 131 

Edwards’ taxonomy of DDM (1962), dynamic environments may involve various degrees of 132 
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change, where alternatives may vary independently from external events or endogenously (as a 133 

result of decisions made previously). Dynamic environments vary in their inclusion of delayed 134 

feedback, interlinked actions and their effects over time, and time-dependence, where the value 135 

of actions are determined by when an action is taken. The accumulation of these characteristics 136 

makes an environment dynamic and complex to different degrees. Although not all DDM tasks 137 

involve all of these characteristics, every dynamic decision task must involve a series of choices 138 

taken over time to achieve some overall goal. Conceptually, dynamic decision making is a closed 139 

learning loop in which decisions are informed by the results of previous choices and their 140 

outcomes (Gonzalez, 2014; Gonzalez et al., 2003). 141 

Results of behavioral studies  142 

A review of experimental research that helps in understanding basic decision processes 143 

can be classified into two groups: system control and search and choice. The system control 144 

approach presents DDM as a task aimed at maintaining a system in "balance" over time by 145 

reducing the gap between the state of the system and a target state. The search and choice 146 

approach presents DDM as a sequential task in which the goal is to maximize the total utility 147 

(e.g. score, reward, money) over the long run after a sequence of choices. 148 

System Control 149 

The control approach of DDM has its origins in research conducted in industrial, 150 

engineering and managerial situations (Forrester, 1961; Rapoport, 1975; Sterman, 1989; Pew & 151 

Baron, 1978; Wickens & Kramer, 1985). A common task is that of a manager controlling the 152 

level of inventory to a target or within acceptable ranges in a dynamic stock management task 153 

(Sterman, 1989). This can be accomplished by altering the inflows (e.g., fulfilled orders from 154 

suppliers, that increase the stock) and outflows (e.g., sales to customers, that decrease the stock) 155 
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to counteract the environmental disturbances that push the stock away from its desired value 156 

(e.g., delays from suppliers and irregular demands). Control tasks are common at the societal, 157 

organizational, and individual levels (Cronin, Gonzalez, & Sterman, 2009): humanity struggling 158 

to stabilize the concentration of CO2 in the earth’s atmosphere; decision makers making 159 

production and sales decisions to maintain an optimal inventory; and a diabetic patient making 160 

decisions about the consumption of sugar and use of insulin to maintain optimal level of sugar in 161 

the blood. 162 

Early research involved tasks with high structural and dynamic complexity (Sterman, 163 

1989; Gonzalez et al., 2003). For example, the Water Purification Plant task involved a large set 164 

of alternatives, high time constraints, high uncertainty, and large dynamic complexity given the 165 

interrelationship of decisions over time (Gonzalez, 2004, 2005). These tasks have shown that it is 166 

very difficult for humans to reach and maintain optimal control of a dynamic system, even after 167 

extended practice (Diehl & Sterman, 1995; Paich & Sterman, 1993; Sterman, 1989, 1994; 168 

Gonzalez, 2005; Sterman, 1989, 1994). These difficulties arise from limited cognitive capacity to 169 

respond to delayed feedback (Diehl & Sterman, 1995; Sterman, 1994) and the tendency to rely 170 

on context-specific knowledge (Gonzalez, 2004, 2005; Gonzalez et al., 2003). Increased 171 

feedback delays between decisions and corresponding outcomes negatively affect long-term 172 

performance in dynamic control tasks (Einhorn & Hogarth 1978; Gonzalez, 2005; Kleinmuntz, 173 

1985; Sterman, 1989; 2004). Some research has concluded that people do not learn to control 174 

dynamic systems because they misperceive the feedback (Sterman, 1989, 2004), while others 175 

suggest that outcome feedback may be insufficient and that other levels of feedback (e.g. process 176 

feedback: an explanation of how did the outcome emerged) are needed for people to learn to 177 

control a dynamic task (Kluger and DeNisi, 1996; Gonzalez, 2005; Lerch & Harter, 2001). 178 



Dynamic Decision Making Research       9 

  

Research also suggest that extended practice is often required for improved decision making 179 

(Kerstholt & Raaijmakers, 1997; Gonzalez et al., 2003; Martin et al., 2004); while it is clear that 180 

practice alone does not necessarily lead to better decisions (Brehmer, 1980; Gonzalez, 2004). 181 

Clearly more research is needed to shed light in these processes. 182 

To contribute to a better understanding of decision making processes, recent research has 183 

reduced control tasks to their fundamental elements—one stock, one inflow and one outflow—184 

and asked for judgments about the relations between these elements over time (Sweeney & 185 

Sterman, 2002; Cronin & Gonzalez, 2007; Cronin et al., 2009; Gonzalez & Dutt, 2011a; 186 

Gonzalez & Wong, 2012; Sterman, 2002). Interestingly, researchers have found that even in 187 

these simplified problems, most people, often with high levels of education, perform poorly 188 

(Cronin et al., 2009). This has been found to be a general difficulty, termed ―Stock-Flow Failure‖ 189 

(SF failure) that seems to stem from the erroneous human tendency to expect that the results 190 

(i.e., stock behavior) should follow the same trend of the behavior of the cause (i.e., flow 191 

behavior) (Cronin et al., 2009). For example, when students were asked to estimate the trend of 192 

CO2 emissions over time in order to control an increasing tendency of accumulation of CO2 in 193 

the atmosphere, they responded by drawing an increasing trend of emissions that is similar to the 194 

shape of CO2 accumulation over time (in reality, emissions would need to decrease to the same 195 

level of absorptions in order to control the CO2 accumulation) (Dutt & Gonzalez, 2009). 196 

Recent efforts present cognitive explanations of SF failure suggesting the importance of 197 

human ability to observe similarities among experienced patterns of behavior (Fischer & 198 

Gonzalez, 2016; Gonzalez & Wong, 2012), and to make intentional effort to attend and to be 199 

aware of information, to effectively control a dynamic system (Weinhardt, Hendijani, Harman, 200 

Steel, & Gonzalez, 2015). 201 
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Search and Choice 202 

This view of DDM originates from the work of Edwards (1962), the research paradigms 203 

that followed (Rapoport, 1975; Hogarth, 1981), and early work characterized by the use of 204 

simulated "Microworlds" (Toda, 1962). Under this tradition, research investigated the effects of 205 

real-world characteristics of decisions such as time constraints, feedback delays, and cognitive 206 

workload and how people deal with such environmental constraints (Omodei & Wearing, 1995; 207 

Kerstholt, 1994; Gonzalez, 2004). In this sense, DDM search and choice research shares some 208 

connections with Naturalistic Decision Making (NDM) (Klein, 1989; Lipshitz, Klein, Orasanu, 209 

& Salas, 2001): Both lines of research have focused on the effects of knowledge, experience and 210 

intuition in decision making; they have investigated the effects of context and properties of a 211 

decision environment; and they have also investigated collective behaviors rather than individual 212 

behavior alone. However, a discussion of the connections between NDM and DDM is beyond 213 

the scope of this manuscript (see Gonzalez et al., 2003; Gonzalez & Meyer, 2016; Gonzalez, 214 

Meyer, Klein, Yates, & Roth, 2013 for earlier and recent related discussions). 215 

Recent developments in the field of Behavioral Decision Research provide new insights 216 

and opportunities for advancing our understanding of DDM processes (Gonzalez & Meyer, 217 

2016). For example, the study of repeated and sequential decisions in the absence of explicit 218 

information is now a growing area referred to as decisions from experience (Hertwig, Barron, 219 

Weber, & Erev, 2004; Barron & Erev, 2003) as opposed to description-based decisions that 220 

present task’s information (explicitly) to participants. Again, the simplicity of new research 221 

paradigms is a major factor in this research advancement. Paradigms have emerged to study the 222 

process of search of information over time (Lee, 2006; Gurekis & Love 2009a), and sequential 223 

choice from experience (Hertwig et al., 2004; Barron & Erev, 2003; Erev & Barron, 2005). 224 
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In sequential search, a decision is made at each stage of time whether to stop or to 225 

continue analyzing new options (as in deciding whether to purchase a house or to hire an 226 

applicant for a job) (Lee, 2006). This research shows that people employ various strategies such 227 

as searching for new options until the value of new options exceeds the advantages of the current 228 

option, or stopping the search when the current option meets the desirable characteristics (Todd, 229 

1997; Lee 2006). The costs and benefits of obtaining more information (Ravenzwaaij, Moore, 230 

Lee, & Newell, 2014) and the order of the cues considered are crucial to find the optimal 231 

stopping search rule (Lee and Newell, 2011; Ravenzwaaij et al., 2014).  232 

Sequential choice paradigms often involve two alternatives, each representing unknown 233 

outcomes. People make repeated decisions and observe feedback regarding the outcomes. The 234 

sequential process of exploration is studied in sampling paradigms where participants first 235 

explore the available options before they make a single consequential choice. The process of 236 

how people adapt their choices to changing environments is studied in repeated consequential 237 

choice paradigms, in which each selection contributes to earnings and feedback after each choice 238 

(Gonzalez & Dutt, 2011b). This line of research informs at least three factors that influence 239 

human exploration processes. First, it has been found that people engage in very limited 240 

exploration before making a choice (e.g., Hertwig and Pleskac, 2008, 2010), but people search 241 

longer when they encounter a prospect of losses and when they experience variant relative to 242 

consistent environments (Mehlhorn, Ben-Asher, Dutt, & Gonzalez, 2014; Lejarraga, Hertwig & 243 

Gonzalez, 2012). Second, people often fail to maximize payoffs, and rather people often match 244 

their response probabilities to the payoff probabilities (Shanks, Tunney, & McCarthy, 2002; Erev 245 

& Barron, 2005; Lejarraga, Dutt & Gonzalez, 2012). Third, people learn to adapt to changing 246 

outcomes and probability distributions but adaptation can be slow, and it depends on cognitive 247 
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parameters of the information experienced, such as the recency and primacy of the relative 248 

outcomes from different alternatives (Rakow and Miler, 2009; Lejarraga, Lejarraga, & Gonzalez, 249 

2014; Cheyette, Konstantinidis, Harman, & Gonzalez, 2016). 250 

Theoretical Advancements and Computational Approaches 251 

Simon (1955) and Edwards (1961) highlighted the importance of learning processes in 252 

DDM, with Edwards (1961, p. 489) suggesting that DDM and learning are closely related: "The 253 

distinction between dynamic decision processes and learning is one of emphasis, not content... ". 254 

The learning process in DDM was formalized in Instance-Based Learning Theory (IBLT; 255 

Gonzalez, et al., 2003). IBLT proposed that decisions in dynamic tasks are made by retrieving 256 

experiences from past similar situations and applying decisions that worked well in the past. 257 

IBLT’s most important contribution is the description of the learning process and memory 258 

mechanisms by which experiences may be built, retrieved, evaluated, and reinforced during an 259 

interaction with a dynamic environment. IBLT used the memory mechanisms proposed by a 260 

well-known cognitive architecture, ACT-R (Adaptive Control of Thought—Rational) (Anderson 261 

& Lebiere, 1998), and their mathematical formulations are currently used in the implementation 262 

of computational models based on IBLT (i.e., IBL models) in tasks of various degrees of 263 

complexity including control and choice tasks (Fu & Gonzalez, 2006; Gonzalez, 2013; Gonzalez 264 

& Lebiere, 2005; Martin et al., 2004). 265 

A simple IBL model has emerged recently as a general approach for search and choice 266 

processes, where the rewards are learned from experience in binary choice tasks (Gonzalez & 267 

Dutt, 2011b; Lejarraga, et al., 2012). In this model, a simulated human (i.e. an agent) facing a 268 

choice between two options at time t would choose the option that provides the best value from 269 

experience. This concept of best value is derived from functions of memory defined in ACT-R 270 
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including the frequency of experienced events, recency, similarity and variability of those 271 

experiences. This model captures dynamic human behavior in a large variety of sequential 272 

decision making tasks (Glöckner, Hilbig, Henninger, & Fiedler, 2016; Hertwig, in press; 273 

Lejarraga et al., 2014; Cheyette et al., 2016; Lejarraga et al., 2012; Gonzalez & Dutt, 2011b). 274 

Another very common approach to model learning in DDM tasks is Reinforcement 275 

learning (RL) (Sutton & Barto, 1998). In a typical RL problem, an agent tries to find an 276 

association between an observed outcome and the earlier actions either using its memory or 277 

environmental cues. An agent takes an action at each state (e.g. selecting an option in a binary 278 

choice task) and the environment delivers a reward or punishment based on the action-state pair 279 

and changes the current state of the agent. Importantly, like in IBL models, a RL agent tries to 280 

estimate the dynamics of the environment by experiencing it. An agent learns how good or bad 281 

each action is, based on the reward received. These characteristics might be probabilistic or 282 

deterministic and can be changed dynamically over time (Busemeyer & Bruza, 2012; Busemeyer 283 

& Pleskac, 2009). The goal of RL is to maximize the future rewards (estimating the value of 284 

each action based on the current reward and what could be expected in future). A particular type 285 

of RL algorithm, called Model-based RL, is able to produce accurate accounts of human 286 

behavior in DDM (i.e., a navigation task) suggesting that people update their model of the 287 

environment after encountering changes to find the shortest path to the goal (Simon & Daw, 288 

2011). Similar demonstrations of the ability of RL learning models to account for human 289 

sequential learning decisions can be found in Gureckis and Love (2009a, 2009b).  290 

Applications, Trends, and Conclusions 291 

DDM is a growing field (Fischer, Holt, & Funke, 2015), with applications for the design 292 

of decision support tools and training interventions in many domains. The use of microworlds 293 
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and dynamic simulations continues to contribute insights in traditionally complex, dynamic tasks 294 

including automated pilot systems (Jarmasz, 2006), firefighting (Barber & Smit, 2014), and 295 

medical domains (Jones et al., 2006); and new applications have emerged including cyber 296 

defense and cybersecurity (Proctor & Chen, 2015; Ben-Asher & Gonzalez, 2015; Dutt, Ahn, & 297 

Gonzalez, 2013), climate change (Dutt & Gonzalez, 2009; Dutt & Gonzalez, 2012; Moxnes & 298 

Saysel, 2009), and forensic science (Dror & Cole, 2010; Brewer & Wells, 2006). 299 

But perhaps the most common application of DDM research findings and theories is in 300 

the development of training principles that apply across domains. Training recommendations 301 

follow the results from laboratory experiments using complex DDM tasks and from cognitive 302 

models, which suggest to: (1) allow individuals to learn at a slow pace to help them adapt 303 

successfully to greater time constraints; (2) train individuals with a diverse set of experiences in 304 

order to increase the possibilities of effective adaptation to novel situations; and (3) use 305 

reflection over expert’s performance during training to reinforce instances of high quality instead 306 

of reflection of self-performance of outcome feedback, among others (see a detailed description 307 

of these applications in Gonzalez 2012). 308 

While research in complex, dynamic tasks will continue to inform the boundaries of 309 

human behavior, scaled down laboratory tasks (for instance navigation in real world is simplified 310 

to a computer game with virtual room, Simon & Daw, 2011) have multiple benefits. This 311 

research trend in the use of scaled down laboratory tasks has helped and will continue to 312 

contribute to an understanding of the processes emergent from dynamically complex tasks. By 313 

studying simple tasks we can focus of the study of human decisions that depend on the 314 

relationships between choices and their effects over time. Search and choice paradigms reveal 315 

essential processes of exploration among alternatives, decisions to stop search, search for 316 
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information, and learning dynamics that will help in building computational models of DDM. 317 

Simplification is a tendency in theoretical and computational modeling efforts as well. A recent 318 

IBL model built to predict performance in individual repeated binary-choice tasks (Gonzalez & 319 

Dutt, 2011b) has been applied to a variety of aspects of search and choice tasks at the individual 320 

and team levels (Gonzalez, Dutt, & Lejarraga, 2011; Lejarraga et al., 2012); and RL, a simple 321 

representation of adaptive processes, is also showing its utility in explaining human behavior in 322 

many DDM tasks. 323 

In the future, we expect increased interest in the study of sequential search processes, 324 

human adaptation to changing environments, and dynamic control tasks. We also expect 325 

increased interest in systematically expanding the simple experimental paradigms and modeling 326 

approaches. Expansions of current research will address the challenges of naturalistic 327 

environments, such as design of modern intelligent systems and collaborative systems that can 328 

dynamically interpret and adapt to changing situations, learn to make decisions from experience, 329 

and act appropriately under adversarial situations in distributed environments. 330 

Key points:  331 

Dynamic decision making (DDM) research is familiar to the Human Factors community, 332 

but it is often studied with complex simulations representing highly complex tasks, which limits 333 

findings to the identification of human behavior problems in these tasks. 334 

We present recent advancements in DDM that focus on understanding cognitive 335 

processes involved in dynamic tasks.  A main contributor to the advancement of research in 336 

DDM is simplifying environments while maintaining dynamic complexity.  337 

References 338 

Anderson, J. R., & Lebiere, C. (1998). Atomic components of thought. Hillsdale, NJ: Erlbaum.  339 



Dynamic Decision Making Research       16 

  

Barber, L. K., & Smit, B. W. (2014). Using the networked fire chief for ego-depletion research: 340 

Measuring dynamic decision-making effort and performance. The Journal of social 341 

psychology, 154(5), 379-383. 342 

Barron, G., & Erev, I. (2003). Small feedback-based decisions and their limited correspondence 343 

to description-based decisions. Journal of Behavioral Decision Making, 16(3): 215-233. 344 

Ben-Asher, N., & Gonzalez, C. (2015). Effects of cyber security knowledge on attack 345 

detection. Computers in Human Behavior, 48, 51-61. 346 

Brehmer, B. (1980). In one word: Not from experience. Acta Psychologica, 45(1-3): 223-241. 347 

Brehmer, B. (1992). Dynamic decision making: Human control of complex systems. Acta 348 

Psychologica, 81(3): 211-241. 349 

Brehmer, B., & Allard, R. (1991). Dynamic decision making: The effects of task complexity and 350 

feedback delay. In J. Rasmussen, B. Brehmer, & J. Leplat (Eds.), Distributed decision 351 

making: Cognitive models of cooperative work. Chichester: Wiley. 352 

Brehmer, B., & Dorner, D. (1993). Experiments with computer-simulated microworlds: Escaping 353 

both the narrow straits of the laboratory and the deep blue sea of the field study. 354 

Computers in Human Behavior, 9 (2-3), 171–184. 355 

Brewer, N., & Wells, G. L. (2006). The confidence-accuracy relationship in eyewitness 356 

identification: effects of lineup instructions, foil similarity, and target-absent base 357 

rates. Journal of Experimental Psychology: Applied, 12(1), 11. 358 

Brunstein, A., Gonzalez, C., & Kanter, S. (2010). Effects of Domain Experience in the Stock-359 

Flow Failure. System Dynamics Review, 24(2), 347-354.  360 



Dynamic Decision Making Research       17 

  

Busemeyer, J. R. (2002). Dynamic decision making. International encyclopedia of the social and 361 

behavioral sciences. N. J. Smelser and P. B. Baltes. Oxford, Elsevier Press. 6: 3903-362 

3908. 363 

Busemeyer, J. R., & Bruza, P. D. (2012). Quantum models of cognition and decision. New York, 364 

Cambridge University Press. 365 

Busemeyer, J. R., & Pleskac, T. J. (2009). Theoretical tools for understanding and aiding 366 

dynamic decision making. Journal of Mathematical Psychology, 53(3), 126-138. 367 

Busemeyer, J. R., & Townsend, J.T. (1993). Decision field theory: A dynamic-cognitive 368 

approach to decision making in an uncertain environment. Psychological Review, 106(3), 369 

432-459. 370 

Cheyette, S., Konstantinidis, E., Harman, J.L., Gonzalez, C., (2016). Choice adaptation to 371 

increasing and decreasing event probabilities. 38th Annual Meeting of the Cognitive 372 

Science Society (CogSci 2016). August 10- 13, 2016, Philadelphia, PA 373 

Cronin, M., & Gonzalez, C. (2007). Understanding the building blocks of systems 374 

dynamics. Systems Dynamics Review, 23(1), 1-17. 375 

Cronin, M., Gonzalez, C., & Sterman, J. D. (2009). Why don't well-educated adults understand 376 

accumulation? A challenge to researchers, educators and citizens. Organizational 377 

Behavior and Human Decision Processes, 108, 116-130 378 

Diehl, E., & Sterman, J.D. (1995). Effects of feedback complexity on dynamic decision making. 379 

Organizational Behavior And Human Decision Processes, 62(2), 198-215. 380 

Dienes, Z. & Fahey, R. (1995). Role of specific instances in controlling a dynamic system. 381 

Journal of Experimental Psychology: Learning, Memory, & Cognition, 21, 848-862. 382 



Dynamic Decision Making Research       18 

  

Dror, I. E., & Cole, S. A. (2010). The vision in ―blind‖ justice: Expert perception, judgment, and 383 

visual cognition in forensic pattern recognition. Psychonomic Bulletin & Review, 17(2), 384 

161-167. 385 

Dutt, V., Ahn, Y., & Gonzalez, C. (2013). Cyber situation awareness: Modeling detection of 386 

cyber attacks with Instance-Based Learning Theory. Human Factors, 55(3), 605-618.  387 

Dutt, V., & Gonzalez, C. (2009). Human "mis"-perceptions of climate change. In Proceedings of 388 

the Human Factors and Ergonomics Society 53rd Annual Meeting. San Antonio, TX, 389 

October 19-23, 2009. Human Factors and Ergonomics Society.  390 

Dutt, V. & Gonzalez, C. (2012). Human Control of Climate Change. Climatic Change, 111(2), 391 

497-518.  392 

Edwards, W. (1954). The theory of decision making. Psychological Bulletin, 51, 380-417. 393 

http://dx.doi.org/10.1037/h0053870 394 

Edwards, W. (1961). Behavioral decision theory. Annual Review of Psychology, 12, 473-498. 395 

Edwards, W. (1962). Dynamic decision theory and probabilistic information processing. Human 396 

Factors, 4, 59-73. 397 

Einhorn, H. J., & Hogarth, R. M. (1978). Confidence in judgment: Persistence of the illusion of 398 

validity. Psychological Review, 85(5), 395-416. doi:10.1037/0033-295X.85.5.395 399 

Erev, I., & Barron, G. (2005). On adaptation, maximization, and reinforcement learning among 400 

cognitive strategies. Psychological Review, 112(4): 912-931. 401 

Fischer, H., & Gonzalez, C. (2016). Making sense of dynamic systems: How our understanding 402 

of stocks and flows depends on a global perspective. Cognitive Science, 40, 496-512. 403 

Fischer, A., Holt, D. V., & Funke, J. (2015). Promoting the growing field of dynamic decision 404 

making. Journal of Dynamic Decision Making, 1. doi:10.11588/jddm.2015.1.23807 405 



Dynamic Decision Making Research       19 

  

Forrester, J. W. (1961). Industrial dynamics. Waltham, MA, Pegasus Communications. 406 

Fu, W., & Gonzalez, C. (2006). Learning to control dynamic systems: Information utilization 407 

and future planning. In R. Sun (Ed.), The 28th Annual Conference of the Cognitive 408 

Science Society (CogSci 2006) (pp. 244- 249). Mahwah, NJ: Lawrence Erlbaum 409 

Associates. 410 

Gibson, F., Fichman, M. & Plaut, D. C. (1997). Learning in dynamic decision tasks: 411 

Computational model and empirical evidence. Organizational Behavior and Human 412 

Performance, 71, 1-35. 413 

Glöckner, A., Hilbig, B. E., Henninger, F., & Fiedler, S. (2016). The reversed description-414 

experience gap: Disentangling sources of presentation format effects in risky 415 

choice. Journal of Experimental Psychology: General, 145(4), 486. 416 

Gonzalez, C. (2004). Learning to make decisions in dynamic environments: Effects of time 417 

constraints and cognitive abilities. Human Factors, 46(3), 449–460. 418 

Gonzalez, C. (2005). Decision support for real-time dynamic decision making tasks. 419 

Organizational Behavior and Human Decision Processes, 96, 142–154.  420 

Gonzalez, C. (2012). Training decisions from experience with decision making games. In P. 421 

Durlach & A. M. Lesgold (Eds.),  Adaptive technologies for training and education (pp. 422 

167-178). New York: Cambridge University Press. 423 

Gonzalez, C. (2013). The boundaries of instance-based learning theory for explaining decisions 424 

from experience. In V. S. Chandrasekhar Pammi & N. Srinivasan (Eds.), Progress in 425 

brain research (Vol. 202, pp. 73-98). Amsterdam, Netherlands: Elsevier..  426 



Dynamic Decision Making Research       20 

  

Gonzalez, C. (2014). Decision Making: A Cognitive Science Perspective. In Chipman, S. 427 

(Ed), The Oxford Handbook of Cognitive Science. Volume 1. ISBN: 978-0-199-84219-3. 428 

Oxford University Press. Published online Nov 2014. 429 

Gonzalez, C. & Dutt, V. (2011)a. A generic Dynamic Control Task for Behavioral Research and 430 

Education. Computers in Human Behavior. 27(5), 1904-1914. 431 

Gonzalez, C., & Dutt, V. (2011)b. Instance-based learning: Integrating sampling and repeated 432 

decisions from experience. Psychological Review, 118, 523-551. 433 

Gonzalez, C., Dutt, V., & Lejarraga, T. (2011). A loser can be a winner: Comparisons of two 434 

instance-based learning models in a market entry competition. Games, 2(1), 136-162. 435 

Gonzalez, C., & Lebiere, C. (2005). Instance-based cognitive models of decision making. In D. 436 

J. Zizzo (Ed.), Transfer of knowledge in economic decision making. New York: Palgrave 437 

McMillan. ISBN: 1403941548, 148-165.  438 

Gonzalez, C., Lerch, J. F., & Lebiere, C. (2003). Instance-based learning in dynamic decision 439 

making. Cognitive Science, 27, 591-635. 440 

Gonzalez, C., Meyer, J., Klein, G., Yates, J. F., & Roth, A. E. (2013, September). Trends in 441 

Decision Making Research How Can they Change Cognitive Engineering and Decision 442 

Making in Human Factors?  In Proceedings of the Human Factors and Ergonomics 443 

Society Annual Meeting (Vol. 57, No. 1, pp. 163-166).  SAGE Publications. 444 

Gonzalez, C., & Meyer, J. (2016). Integrating Trends in Decision-Making Research. Journal of 445 

Cognitive Engineering and Decision Making. doi:10.1177/1555343416655256 446 

Gonzalez, C., Vanyukov, P., & Martin, M. K. (2005). The use of microworlds to study dynamic 447 

decision making. Computers in Human Behavior, 21, 273–286.  448 



Dynamic Decision Making Research       21 

  

Gonzalez, C. & Wong, H. (2012). Understanding stocks and flows through analogy. System 449 

Dynamics Review, 28(1), 3-27.  450 

Gray, R. (2002). Markov at the bat: A model of cognitive processing in baseball batters. 451 

Psychological Science, 13(6): 542-547. 452 

Gureckis, T. M., & Love, B. C. (2009a). Short-term gains, long-term pains: How cues about state 453 

aid learning in dynamic environments. Cognition, 113, 293-313.  454 

Gureckis, T. M., & Love, B. C. (2009b). Learning in noise: Dynamic decision-making in a 455 

variable environment. Journal of Mathematical Psychology, 53(3), 180-193. 456 

Hertwig, R. (in press). Decisions from experience. Blackwell handbook of judgment & decision 457 

making. G. Keren and G. Wu. 458 

Hertwig, R., Barron, G., Weber, E. U., & Erev, I. (2004). Decisions from experience and the 459 

effect of rare events in risky choice. Psychological science, 15(8), 534-539. 460 

Hertwig, R., & Pleskac, T. J. (2008). The game of life: How small samples render choice 461 

simpler. The probabilistic mind: Prospects for Bayesian cognitive science. N. Chater and 462 

M. Oaksford. Oxford, Oxford University Press: 209-235. 463 

Hertwig, R., & Pleskac, T. J. (2010). Decisions from experience: Why small 464 

samples? Cognition, 115(2), 225-237. 465 

Hogarth, R. M. (1981). Beyond discrete biases: Functional and dysfunctional aspects of 466 

judgmental heuristics. Psychological Bulletin, 90(2), 197-217. 467 

Hotaling, J. M., Fakhari, P., & Busemeyer, J. R. (2015). Dynamic decision making International 468 

encyclopedia of the social and behavioral sciences (2nd edition ed.): Elsevier. 469 



Dynamic Decision Making Research       22 

  

Jarmasz, J. (2006). Accelerated training for command dynamic decision making: a pilot study 470 

using microworlds (No. DRDC-TR-2006-239). Defense Research and Development 471 

Toronto (Canada).  472 

Jones, A. P., Homer, J. B., Murphy, D. L., Essien, J. D., Milstein, B., & Seville, D. A. (2006). 473 

Understanding diabetes population dynamics through simulation modeling and 474 

experimentation. American Journal of Public Health, 96(3), 488-494.  475 

Joslyn, S., & Hunt, E. (1998). Evaluating individual differences in response to time-pressure 476 

situations. Journal of Experimental Psychology: Applied, 4(1), Mar 1998, 16-43.  477 

Kerstholt, J. H. (1994). The effect of time pressure on decision-making behaviour in a dynamic 478 

task environment. Acta Psychologica, 86(1), 89-104. 479 

Kerstholt, J. H., & Raaijmakers, J.G.W. (1997). Decision making in dynamic task environments. 480 

Decision making: Cognitive models and explanations. R. Ranyard, W. R. Crozier and O. 481 

Svenson. London, Routledge: 205-217. 482 

Klein, G. A. (1989). Recognition-primed decisions. In W. B. Rouse (Ed.), Advances in Man-483 

Machine Systems Research (pp. 47-92). Greenwich, CT: JAI Press Inc. 484 

Kleinmuntz, D. N. (1985). Cognitive heuristics and feedback in a dynamic decision environment. 485 

Management Science, 31(6), 680-702. 486 

Kluger, A. N., & DeNisi, A. (1996). The effects of feedback interventions on performance: A 487 

historical review, a meta-analysis, and a preliminary feedback intervention theory. 488 

Psychological Bulletin, 119(2), 254-284. 489 

Lee, M. D. (2006). A hierarchical Bayesian model of human decision‐making on an optimal 490 

stopping problem. Cognitive Science, 30, 1-26. 491 



Dynamic Decision Making Research       23 

  

Lee, M. D., & Newell, B. R. (2011). Using hierarchical Bayesian methods to examine the tools 492 

of decision-making. Judgment and Decision Making, 6, 832-842. 493 

Lejarraga, T., Dutt, V., & Gonzalez, C. (2012). Instance‐based learning: A general model of 494 

repeated binary choice. Journal of Behavioral Decision Making, 25, 143-153. 495 

Lejarraga, T., Hertwig, R., & Gonzalez, C. (2012). How choice ecology influences search in 496 

decisions from experience. Cognition, 124(3), 334-342.  497 

Lejarraga, T., Lejarraga, J., & Gonzalez, C. (2014). Decisions from experience: How groups and 498 

individuals adapt to change. Memory & Cognition, 42, 1384-1397. 499 

Lerch, F. J., & Harter, D. E. (2001). Cognitive support for real-time dynamic decision making. 500 

Information Systems Research, 12(1), 63-82. 501 

Lipshitz, R., Klein, G., Orasanu, J., & Salas, E. (2001). Taking stock of naturalistic decision 502 

making. Journal of behavioral decision making, 14(5), 331-352. 503 

Martin, M. K., Gonzalez, C., & Lebiere, C. (2004). Learning to make decisions in dynamic 504 

environments: ACT-R plays the Beer Game. In Proceedings of the 6th International 505 

Conference on Cognitive Modeling. Pittsburgh, PA, July-August. 506 

Mehlhorn, K., Ben-Asher, N., Dutt, V. & Gonzalez, C. (2014). Observed Variability and Values 507 

Matter: Towards a Better Understanding of Information Search and Decisions from 508 

Experience. Journal of Behavioral Decision Making. 27, 328-339.  509 

Moxnes, E., & Saysel, A. K. (2009). Misperceptions of global climate change: information 510 

policies. Climatic Change, 93(1-2), 15-37. 511 

Omodei, M. M., & Wearing, A. J. (1995). The Fire Chief microworld generating program: An 512 

illustration of computer-simulated microworlds as an experimental paradigm for studying 513 



Dynamic Decision Making Research       24 

  

complex decision-making behavior. Behavior Research methods, Instruments, & 514 

Computers, 27, 303–316. 515 

Paich, M., & Sterman, J. D. (1993). Boom, bust and failures to learn in experimental markets. 516 

Management Science, 39(12), 1439-1458. 517 

Pew, R. W., & Baron, S. (1978). The components of an information processing theory of skilled 518 

performance based on an optimal control perspective. Information processing in motor 519 

control and learning. G. E. Stelmach. New York, Academic Press: 71-78. 520 

Proctor, R. W., & Chen, J. (2015). The Role of Human Factors/Ergonomics in the Science of 521 

Security Decision Making and Action Selection in Cyberspace. Human Factors: The 522 

Journal of the Human Factors and Ergonomics Society, 0018720815585906. 523 

Rakow, T., & Miler, K. (2009). Doomed to repeat the successes of the past: History is best 524 

forgotten for repeated choices with non-stationary payoffs. Memory & Cognition, 37, 525 

985–1000.  526 

Rapoport, A. (1975). Research paradigms for studying dynamic decision behavior. In D. Wendt 527 

& C. Vlek (Eds.), Utility, probability, and human decision making (pp. 347-369). 528 

Dordrecht-Holland: Reidel. 529 

Ravenzwaaij, D., Moore, C. P., Lee, M. D., & Newell, B. R. (2014). A hierarchical Bayesian 530 

modeling approach to searching and stopping in multi‐attribute judgment. Cognitive 531 

Science, 38, 1384-1405.  532 

Shanks, D. R., Tunney, R. J., & McCarthy, J. D. (2002). A re‐examination of probability 533 

matching and rational choice. Journal of Behavioral Decision Making, 15(3), 233-250. 534 

Simon, H. A. (1955). A behavioral model of rational choice. The quarterly journal of economics, 535 

69(1), 99-118.  536 



Dynamic Decision Making Research       25 

  

Simon, D. A., & Daw, N. D. (2011). Environmental statistics and the trade-off between model-537 

based and TD learning in humans.  In Advances in neural information processing 538 

systems (pp. 127-135). 539 

Sterman, J. (1989). Misperception of feedback in dynamic decision making. Organizational 540 

Behavior and Human Decision Processes. 43(3), 301-335. 541 

Sterman, J. D. (1994). Learning in and about complex systems. System Dynamics Review, 10(2-542 

3), 291-330. 543 

Sterman, J. D., & Sweeney, L. B. (2002). Cloudy skies: assessing public understanding of global 544 

warming. System Dynamics Review, 18(2), 207-240. 545 

Sutton, R. S., & Barto, A. G. (1998). Introduction to reinforcement learning. Cambridge, MA: 546 

MIT Press.  547 

Sweeney, L. B., & Sterman, J. D. (2000). Bathtub dynamics: initial results of a systems thinking 548 

inventory. System Dynamics Review, 16(4), 249-286. 549 

Toda, M. (1962). The design of the fungus eater: A model of human behavior in an 550 

unsophisticated environment. Behavioral Science, 7, 164-183. 551 

Todd, P. M. (1997). Searching for the next best mate. In R. Conte, R. Hegselmann & P. Terna 552 

(Eds.), Simulating social phenomena (pp. 419-436). Springer Berlin Heidelberg.  553 

Wells, G. L., & Olson, E. A. (2003). Eyewitness testimony. Annual Review of Psychology, 54(1), 554 

277-295. 555 

Weinhardt, J. M., Hendijani, R., Harman, J. L., Steel, P., & Gonzalez, C. (2015). How analytic 556 

reasoning style and global thinking relate to understanding stocks and flows. Journal of 557 

Operations Management, 39, 23-30. 558 



Dynamic Decision Making Research       26 

  

Wickens, C. D. and A. Kramer (1985). Engineering psychology. Annual Review of Psychology, 559 

36, 307-34.  560 

 561 

Biographies:  562 

Cleotilde Gonzalez (PhD in information systems, Texas Tech University, 1996; post-563 

doc, Carnegie Mellon University) is a Research Professor and Founding Director of the Dynamic 564 

Decision Making Laboratory at Carnegie Mellon University. She is affiliated to the Social and 565 

Decision Sciences Department, several other departments and centers at Carnegie Mellon 566 

University.  Currently she is Associate Editor of Cognitive Science, Journal of Cognitive 567 

Engineering and Decision Making, and Decision; she is also a member of the editorial board in 568 

various journals. She is a Human Factors and Ergonomics Society Fellow. 569 

Pegah Fakhari (B.Sc., Electrical Engineering, Tehran University; M.Sc. Applied 570 

statistics, Indiana University). She is currently a PhD candidate (double major in Cognitive 571 

Psychology and Neuroscience) at Indiana University, Bloomington. Her work is on experimental 572 

and computational models of human learning and decision-making. Her research interests are 573 

reinforcement learning models, sequential sampling models and analyzing dynamic decision-574 

making tasks.   575 

Jerome Busemeyer (PhD in mathematical psychology, University of South Carolina, 576 

1980; post-doc, University of Illinois) is Provost Professor in Psychological and Brain Sciences, 577 

Cognitive Science, and Statistics at Indiana University-Bloomington. He was a faculty member 578 

at Purdue University before 1997. His research has been continuously funded by the U.S. federal 579 

agencies, including NSF, NIMH, and NIDA; and in return, he has served on national grant 580 

review panels for these agencies, and was the Manager of the Cognition and Decision Program at 581 



Dynamic Decision Making Research       27 

  

the Air Force Office of Scientific Research. He has published five books in decision and 582 

cognition, and over 100 journal articles across disciplines. Currently he is the founding Chief 583 

Editor of Decision, and Associate Editor of Psychological Review as well as Topics in Cognitive 584 

Science. He is a fellow of the Society of Experimental Psychologists.  585 


