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Abstract
Although most research into risky decision making has focused on simple scenarios – where isolated choices are made inde-
pendent of one another – many important decisions in life play out across sequences of interdependent events and actions. 
Despite the ubiquity and importance of such decision problems, we know relatively little about how people manage the 
complexities of dynamic, multistage decisions. Our work combines techniques from two research traditions to investigate 
how people handle the challenges of dynamic decision making. We use true-and-error models to estimate the distribution and 
stability of preference profiles, and the presence of errors. In a complementary analysis we use cognitive modeling based on 
the Decision Field Theory to investigate the psychological processes underlying dynamic decision making. Decision Field 
Theory provides a unified framework for testing competing hypotheses about how people collect information and plan for 
the future. Results from both sets of analyses identify distinct groups of individuals. We discuss the behavioral and cognitive 
factors distinguishing groups from one another, including degree of planning, strategy shifts, biased information sampling, 
and effort-saving information processing.
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Introduction

Many important life decisions involve sequences of inter-
dependent events and actions. For example, a student plan-
ning their career must consider which university to attend, 
what classes to take, and which internship or job opportuni-
ties these might lead to. Each step in the sequence involves 
risk and uncertainty, influenced by both future actions and 
external factors. Throughout this process, decision makers 
must consider events both within their control (e.g., their 
own potential future choices) and those outside of it (e.g., 
uncertain events).

That said, most research on risky decision making 
has focused on simpler “static” scenarios, neglecting the 
dynamic complexities of multistage decisions. This limited 
attention has led to disjoint investigations with disparate 
orientations, goals, and modeling approaches (Bone et al., 

2009; Hey & Knoll, 2007; Hey & Lotito, 2009; Hotaling 
et al., 2015; Hotaling & Kellen, 2022). The present work 
is an attempt to connect some of these different strands of 
research on dynamic decision making, leveraging data from 
a new experiment to develop and test different accounts of 
the cognitive processes presumed to underlie human choices.

Figure  1 illustrates the kind of multistage decision 
problem – a decision tree – typically found in this line of 
research. Decision trees are comprised of three types of 
nodes: Decision nodes (DNs) are points where a decision 
maker chooses from the available actions; chance nodes 
(CNs) are points where some risky or uncertain event (out-
side of the decision maker’s control) determines the direc-
tion of movement; and lastly, the outcome nodes (ONs) rep-
resent final consequences.

The decision tree illustrated in Fig. 1 represents a hypo-
thetical scenario faced by an office worker, Emma. Begin-
ning at DN1, Emma must choose whether to ask her boss 
for a pay raise. If she does – which corresponds to moving 
leftward to CN1 – she faces uncertainty. Specifically, if her 
boss says yes, she will face an additional choice between 
receiving company stock (CN3) or increased wages (CN4). 
If her boss says no, she must then choose to either look for 
a new job (CN5) or continue with her current job (CN6). 
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Each of Emma’s final choice alternatives (CN3-10) are rep-
resented as CNs because she does not know for sure what 
outcomes will ultimately result from them.

To understand people’s behavior in dynamic, multi-stage 
scenarios such as the one illustrated in Fig. 1, behavioral 
researchers often appeal to normative benchmarks, using 
the observed deviations from them to motivate and inform 
the development of new theorical accounts (see Kellen, 
2019; Sugden, 2005). In the case of dynamic decision mak-
ing, backward induction is widely accepted as the optimal 
strategy (Bertsekas, 1996; DeGroot, 1970; Von Winterfeldt 
& Edwards, 1986). This strategy consists of working back-
wards from the end of a decision tree, planning future actions 
in reverse temporal order. When planning a future decision, 
one selects the alternative with the highest expected utility; 
this value is then associated with that DN and carried up the 
decision tree when evaluating the higher DNs. The unchosen 
alternatives are effectively pruned from the tree because the 
decision maker’s plan renders them irrelevant. The process 
repeats for all DNs until the beginning of the decision tree is 
reached. Following the prescriptions of backward induction 
maximizes one’s overall expected utility.

Backward induction requires that two consistency axioms 
are satisfied. The first one, dynamic consistency, stipulates 
that decision makers follow through on planned decisions 

for DN21 because these plans determine which branches are 
pruned and which values are propagated back through the 
tree. The second, consequential consistency, dictates that 
decisions should be based solely on future consequences, 
such that plans about the future decisions made at a given 
point do not consider the events that led to that point (i.e., 
information about preceding nodes). Violation of either con-
sistency axiom therefore undermines the viability of back-
ward induction as a descriptor of human decision making.

The descriptive adequacy of backward induction has been 
challenged by a number of behavioral studies. Busemeyer 
et al. (2000) found that participants tended to plan riskier 
choices than the ones that they actually implemented, vio-
lating dynamic consistency. Subsequent work by Johnson 
and Busemeyer (2001) found that the rates with which these 
violations occurred increased with the length of decision 
trees (cf. Barkan & Busemeyer, 1999, 2003).

Modeling dynamic decision making

The model-based characterization of dynamic decision mak-
ing can be divided into two main modeling approaches. The 

Fig. 1   A multistage decision scenario, represented as a decision 
tree. Decision nodes (DNs) represent points where a decision maker 
chooses an action. Chance nodes (CNs) represent points where an 

uncertain external event occurs. Outcome nodes (ONs) represent final 
outcomes or payoffs

1  We use the label DN2 when referring to any and all decisions nodes 
at the second decision stage, for example, DN2a, DN2b, etc.
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first involves the development and testing of models that 
explicitly capture the cognitive processes involved in these 
decisions. Specifically, participants are placed in decision 
environments in which they can be shown to violate consist-
ency axioms. The observed violations of axioms provide 
the “signal” upon which different process-level hypotheses 
can be formulated and ultimately tested (e.g., Busemeyer 
et al., 2011). One such process model is Decision Field The-
ory-Planning (DFT; Hotaling, 2020; see also Busemeyer 
& Townsend, 1993) that, due to its vulnerability to differ-
ent types of biases, can lead to numerous axiom violations 
– dynamic consistency included. This model is discussed 
in detail below. Researchers unfamiliar with dynamic deci-
sion making will find an analogous modeling approach in 
the domain of static decision making, where violations of 
Expected Utility Theory – so-called choice paradoxes – have 
long been used to develop new theoretical accounts such 
as Prospect Theory (Kahneman & Tversky, 1979), Regret 
Theory (Loomes & Sugden, 1982), and even Decision Field 
Theory (Bhatia, 2014; Kellen et al., 2020).

A separate modeling approach, often referred to as meas-
urement modeling, eschews detailed process-level com-
mitments and instead attempts to provide a more agnostic 
characterization that speaks to the assumptions made by 
large families of theories (e.g., Birnbaum, 2008; Karabat-
sos, 2005; McCausland & Marley, 2014). A class of models 
that exemplifies this approach is the class of True-and-error 
models (TE models; Birnbaum, 2013). Granting the possibil-
ity of erroneous responses, TE models characterize the pro-
portion of individuals that conform to different preference 
patterns. The processes that could underlie these preference 
profiles are purposely left undefined. This is an important 
feature of TE models because we do not want to commit to a 
specific strategy being undertaken, but rather leave that open 
for more fine-grained accounts to address (e.g., the mental 
simulation proposed by DFT). TE models can be used to 
test hypotheses about the presence of specific preference 
profiles that are theoretically relevant (e.g., are there people 
in the sample who truly hold intransitive preferences? See 
Birnbaum & Schmidt, 2008). These hypotheses are directly 
tested by fixing the proportion of individuals holding those 
preference profiles to zero and checking whether any aspects 
of the data originally attributed to said profiles can be suc-
cessfully accommodated by response errors (for a general 
overview, see Birnbaum, 2013).

Both modeling approaches have been applied disjointly in 
the context of dynamic decision making. In the case of cog-
nitive modeling, the application of DFT has been limited to 
initial proofs of concept (see Busemeyer et al., 2000; Hotal-
ing, 2020) that do not incorporate an attentional mechanism 
postulated to play a central role (see Hotaling & Busemeyer, 
2012). On the other hand, TE modeling has been applied to 
streamlined experimental designs in order to characterize 

specific groups of people (e.g., planners vs. non-planners; 
Hey & Knoll, 2007). Notably, these modeling efforts have 
yet to consider more complex characterizations, such as 
changes in the strategies pursued by individuals throughout 
the experiment (cf. Birnbaum & Wan, 2020).

In the present work, we will rely on both modeling tradi-
tions to characterize data from a new experiment in which 
participants were presented with a variety of multi-stage 
decision trees. Crucially, these trees were replicated across 
blocks, allowing for choice consistency to be disentangled 
from people’s true (perhaps axiom-violating) preference 
profiles. The resulting choice data from this experiment 
were then subjected to TE modeling, which offered crude 
but straightforward insights into the prevalence and tem-
poral stability of preferences consistent with backward 
induction. Subsequent DFT modeling efforts were then 
deployed to obtain a more fine-grained picture of underly-
ing processes such as sampling through mental simulation 
and daydreaming.

Methods

Behavioral experiment

Ethics

Ethical approval for all experiments was obtained through 
the institutional review boards of the University of Illinois, 
Urbana-Champaign.

Participants

Fifty participants were recruited from the University of Illi-
nois Urbana-Champaign participant pool with a mean age of 
23.82 years; 31 self-reported as female, 17 as male, and two 
as other. Participants were compensated $8 for completing 
the study with a chance of winning a $200 Amazon gift card.

Procedure

After giving informed consent, participants sat in a computer 
booth where they received a tutorial familiarizing them with 
the task. The tutorial walked participants through the types 
of nodes and tree structures they would see in the experi-
ment. Participants were told that their goal was to maximize 
the number of points they obtain on each trial, and that each 
point earned would increase their chances of winning a $200 
lottery. There were 40 experimental trials, and the typical 
session lasted 30 min.

Each trial presented a decision tree on-screen with a cir-
cle representing the starting position at DN1 (see Figs. A1-
3 and the Online Supplementary Materials (OSM) on the 
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Open Science Framework (OSF)). Choice alternatives (CNs) 
were represented as boxes that participants were told con-
tained an equal number of red and blue balls. Participants 
chose to move left or right at DN1 by clicking the mouse on 
either CN1 or CN2, respectively. An animation then showed 
a marker moving from DN1 to the chosen CN, where the box 
opened, and a ball was drawn to determine the CN event (see 
Fig. A1, OSM). A blue ball would send the participant down 
the left branch, while a red ball would send them down the 
right branch. With the marker now located at one of four 
second-stage DNs (DN2), participants made a second deci-
sion by clicking on one of the two alternatives below their 
DN. For full trees, the options were two CNs, while for half 
trees, the options were one CN and one ON. Another anima-
tion simulated drawing a ball from the chosen CN, followed 
by movement of the marker to a final ON.2 Participants were 
shown the number of points they earned on that trial before 
beginning the next trial. Lastly, single-stage trees involved 
a single choice between two eight-outcome gambles (see 

Fig. A3, OSM). The marker began at DN1, and participants 
clicked on one of two CNs below. An animation showed a 
ball being drawn and the marker moving to the final ON 
indicated by the ball.

Materials and design

The decision trees used in this study were based on Hey and 
Knoll (2007). We used the following procedure to construct 
four tree templates and many superficially distinct trees. 
Template 1 was identical to the tree used by Hey and Knoll 
(2007) and was an example of a full tree (see Fig. A1, OSM) 
containing five DNs, ten CNs, and 16 ONs. Templates 2, 3 
and 4 were created by adding 1, 2, or 3, respectively, to the 
value of each ON in Template 1. We chose this procedure 
in an effort to create perceptually unique trees that shared 
a common underlying decisional structure. For additional 
details, see Tree Design.pdf on the OSF.

This structure, which we borrow from Hey and Knoll 
(2007), is designed to distinguish those who plan ahead from 
those who do not (see TE modeling section below). To under-
stand why, consider the tree in Fig. 2 in which each DN2 
offers a choice between two gambles (i.e., CNs). Crucially, the 

2  If a participant chose the certain ON at DN2 of a half tree trial, the 
marker simply moved to that node.

Fig. 2   A schematic of Decision Field Theory-Planning (DFT) in a 
multistage decision  tree scenario. The figure captures a snapshot of 
the DFT 2 version of the model while deliberating at DN1. Green 
arrows represent the paths of two mental simulations. To simulate the 
outcome of choosing left versus right at DN1, the model repeatedly 
traces paths through the tree based on the decision maker’s beliefs. 
When a simulation reaches a future DN, the model runs an accumula-

tion-to-threshold process to simulate the future decision. Pop-out pan-
els depict the completed simulations at DN2a and DN2c, as well as 
the ongoing accumulation at DN1. Note that the model uses θplan for 
DN1 and simulations at DN2, but later uses θfinal for final choices at 
DN2 (not shown). Daydreaming – whereby the model randomly sam-
ples an outcome – is not depicted in the figure
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ON values of one gamble stochastically dominate those of the 
other such that a participant who plans ahead will easily iden-
tify the superior option. For example, moving left at DN2a 
dominates moving right, and so participants should ignore 
the possibility of moving right (i.e., prune the right branch) as 
they consider what to do at DN1. The same pattern holds for 
the other DN2s. After pruning the appropriate branches, back-
ward induction implies choosing left at DN1 followed by left 
at DN2. However, trees were designed such that if participants 
did not plan ahead, the prediction for DN1 reverses. If partici-
pants fail to plan, and instead treat DN1 as a choice between 
two multiple-outcome lotteries – one offering ON1–8 with 
equal probability and another offering ON9–16 with equal 
probability (see forward induction strategy described below) 
– moving right stochastically dominates moving left. Thus, 
non-planners should move right at DN1 and left at DN2.

The procedure for creating four half tree templates (see 
Fig. A2, OSM) began with the full tree templates. At each 
DN2 we replaced one CN with an ON equal to its expected 
value. Thus, half trees were the same as full trees, except 
that DN2 offered a choice between a gamble (CN) and a 
certain payoff (ON). Each single-stage tree template (see 
Fig. A3, OSM) was also a modified version of a full tree 
template, in which we essentially removed the second deci-
sion stage. The result is a trial presenting a single DN with 
a choice between CN1 (offering ON1–8 with equal prob-
ability) and CN2 (offering ON9–16 with equal probability). 
Because single-stage trees were created from full trees, one 
CN stochastically dominates the other and participants are 
expected to choose the dominant alternative.

Participants completed five blocks of eight trials. Each 
block involved trials of a single tree type. Each of the four 
templates was repeated twice per block, with back-to-back 
repeats disallowed. To obscure our design, and to reduce 
the role of memory, we scrambled the nodes3 on each trial 
to produce a unique appearance that maintained the tree’s 
essential dominance properties. Blocks 1–4 alternated 
between full and half trees, and we used a Latin square 
design to create four block orders counterbalanced across 
participants. Block 5 always contained single-stage trees. 
Participants completed 40 trials, and the typical session 
lasted 30 min.

True‑and‑error modeling

TE modeling of choice data provides us with a first gen-
eral characterization of the prevalence of axiom violations 
among individuals. This first characterization will then be 

used to inform the more fine-grained characterization pro-
vided by DFT. One particularly attractive feature of TE mod-
els is that, by focusing on choice patterns rather than singu-
lar choices, they enable the use of aggregate data without the 
risk of falling prey to one of many well-documented aggre-
gation fallacies (for a relevant discussion, see Regenwetter 
& Robinson, 2017). TE models also have the advantage of 
being deployable over small subsets of trials, such as the 
two-stage trees, unlike more fine-grained models that call 
for a richer empirical substrate.

In the present case, the TE modeling conducted focused 
on the prevalence of choices consistent with backward induc-
tion by characterizing the subset of trials most privileged to 
assess it – two-stage trees. As illustrated in Fig. A1 (OSM), 
two-stage trees are comprised of two layers of DNs and 
CNs. These trees were designed such that, at the first DN, 
an individual engaging in backward induction would have 
the opposite preference to an individual evaluating each side 
as a multiple-outcome lottery – which we will call forward 
induction. Observing choice patterns for a given two-stage 
tree was made possible by presenting it once for every test 
block (with their outcomes reshuffled).

Binary choices made for a given decision tree across four 
choice-pair presentations can be represented as one out of 16 
binary patterns of length 4, with 1 indicating that a binary 
choice consistent with backward induction was made, and 0 
otherwise. These choice patterns are listed in Table 1.

TE models describe the frequency distribution of choice 
patterns through probability parameters. These parameters 
quantify the probabilities of a randomly sampled participant 
having a specific true preference profile as well as the prob-
ability of accurately expressing them through their individual 
choices. For true preference profiles, let B denote the probabil-
ity that the sampled participant’s preferences are consistent 
with backward induction. In the absence of errors, the 16th 
choice pattern 1 1 1 1 is expected (see Table 1). With com-
plementary probability 1–B, the sampled participant’s prefer-
ences did not conform to backward induction and instead were 
consistent with forward induction. In the absence of errors, the 
first choice pattern of 0 0 0 0 is expected instead (see Table 1).

The assumption of errorless choices is implausible, and 
therefore relaxed by assuming a so-called “trembling hand” 
error parameter e that can range between 0 and 0.5.4 Assum-
ing that errors (but not choices) are independent and identi-
cally distributed allows the TE model as developed so far 
to provide simple closed-formed solutions to the probabili-
ties of each choice pattern. For instance, the probability of 
choice pattern 1 0 1 1 corresponds to:

3  Using the tree in Fig. 1 as an example, several perceptually unique 
versions could be created. ON1 and ON2 could be swapped to make 
CN3 appear different. CN3 and CN4 could be swapped to make 
DN2a appear different. CN1 and CN2 could be swapped to make the 
entire tree appear different.

4  Allowing for e to take on values larger than 0.5 would introduce the 
strange expectation that taking the opposite of someone's responses 
better captures their true preferences.
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This TE model can be further extended by allowing both 
preferences and errors to change halfway through the experi-
ment (for a similar approach, see Birnbaum & Bahra, 2012). 
Let sb denote the probability consistency with which back-
ward induction continues in the second half of the experi-
ment (third and fourth presentations of the choice pair), and 
let  1 − sb denote the complementary probability that there 
is a switch to preferences consistent with forward induction. 

Conversely, let  sf  denote the probability that consistency 
with forward induction continues to be pursued in the second 
half of the experiment, and  1 − sb the complementary prob-
ability that there is a switch. Moreover, let us assume that the 
probability of a choice error can change halfway through the 
experiment by assigning parameters e12 and  e34 to blocks 1–2 
and 3–4, respectively. According to this extended model, the 
probability of choice pattern 1 0 1 1 corresponds to:

This extended TE model was applied to the choice pat-
tern frequencies obtained across the different two-stage 
trees. The resulting data provide 15 degrees of freedom 
on account of the 16 choice patterns, which are far more 
than the five model parameters postulated: B, sb , sf  , e12 , 
and e34.

By virtue of being a member of the class of multino-
mial processing tree models (Riefer & Batchelder, 1988), 
the methods for fitting and testing TE models are well 
established (e.g., Singmann & Kellen, 2013). In the pre-
sent case, we relied on maximum-likelihood estimation 
and null-hypothesis testing, although other methods are 
available (e.g., Bayesian estimation and testing; see Lee, 
2018).

Decision Field Theory‑Planning (DFT) modeling

We tested several process models with the aim of discov-
ering the cognitive mechanisms that supported dynamic 
decision making. By comparing the performance of 
models with different mechanisms, we can test hypoth-
eses about the information processing capacities and 
decision making strategies of participants. The present 
version of DFT (see also Hotaling, 2020; Hotaling & 

Busemeyer, 2012) extends the model originally devel-
oped by Busemeyer and Townsend (1993) to the context 
of dynamic decision making. According to DFT, the 
decision maker has a preference state, P, signifying the 
balance of evidence in favor of each option. Preference 
evolves as people think through complex choice scenarios 
using a process of noisy mental simulation. Individuals 
form a mental model of the decision problem – typically 
assumed to match the decision tree presented to partici-
pants – and imagine possible sequences of events that 
might result from their actions. Each simulation amounts 
to (virtually) tracing a path through the decision tree from 
the current DN to a final ON. More formally, at each 
moment in time, a mental simulation is run for each alter-
native, i and j, and the resulting outcomes, �i and �j , are 
compared to produce a momentary valence in favor of i:

The preference state at time t is the sum of the previous 
preference state and the new valence:

(1)V = �i − �j.

(2)P(t) = P(t − 1) + V(t − 1).
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The initial preference is assumed to be unbiased (i.e., 
P(0) = 0).5 Deliberation continues – with new simulations 
producing new valences that are added to the preference 
state – until the absolute value of preference exceeds a 
threshold value, θ.6 If P(t) > 0, i is chosen; if P(t) < 0, j is 
chosen. In general, the mean input from an alternative is the 
sum of all possible outcomes, weighted by the likelihood 
of mentally simulating each. That is, for each alternative, 
i, leading to k possible outcomes, oik , the mean input to the 
deliberation process is:

where S is a function specifying the probability of simulat-
ing each outcome.

To provide an intuitive overview of DFT and each of its 
cognitive mechanisms, it is helpful to first consider how 
it makes simple, two-alternative risky decisions before 
turning to the more complex dynamic decision making 
context. Imagine Alternative A offers a certain payoff of 
X and Gamble B offers Y with probability p, otherwise Z. 
Assuming no sampling bias or daydreaming (see below), 
simulations for A will always result in sampling X, while 
simulations for B will result in sampling Y with probability 
p and Z with probability 1-p. The mean valence is therefore 
equal to the difference in mean values across alternatives: 
�A − �B = X − EV(B) = X − (p ∙ Y + (1 − p) ∙ Z) . Thus, the 
model provides a process account of decision making result-
ing in preference favoring the higher expected value (EV) 
alternative. The degree of determinism in the model is con-
trolled by the threshold value, with higher values producing 
more exhaustive sampling and higher EV maximization, and 
lower values producing more random choices based on only 
a few noisy samples.

Returning to the problem faced by Emma in Fig. 1, DFT 
uses the above equations to calculate predictions for each 
simple choice at DN2. These equations also hold for DN1, 
but now each simulation must trace a longer path from DN1 
to an ON. At each step in the deliberation process Emma 
simulates the outcome of moving left – tracing a path 
through CN1 to one of ON1-8 – and of moving right – trac-
ing a path through CN2 to one of ON9-16. In its simplest 
form, the probability of simulating a given outcome is the 
product of three values: ρ1 – the transition probability at 
CN1/2; ρ2 – Emma’s choice probability at DN2; and ρ3 
– the transition probability at CN3-10. For example, let us 
consider the case of simulating ON1. As Emma imagines 

(3)�i =
∑

k

S
(

oik
)

,

moving left at DN1, she first simulates the event at CN1. 
If she believes her boss has a 60% chance of saying Yes, 
60% of simulations will move left and 40% will move right. 
Assuming Emma simulates moving left at CN1, she will 
next arrive at DN2a, where she must now imagine her future 
decision. DFT models this simulated future decision using 
the same process described above, with Emma’s predicted 
choice probability determining the likelihood of simulat-
ing each alternative. Assuming Emma simulates choosing 
company stock at DN2a, her beliefs about CN3 are the final 
determinant. She simulates receiving ON1 with probability 
q, otherwise she imagines ON2 with probability 1-q, where 
q is Emma’s subjective probability of ON1. Having simu-
lated the outcome of moving left at DN1, Emma repeats 
the process for moving right, then compares the outcomes 
(Eq. 1) and integrates the result (Eq. 2). This repeats, with 
Emma stochastically simulating and comparing outcomes 
until her preference for one alternative exceeds θ. Figure 2 
depicts the decision making process of DFT for a decision 
tree in the experiment (see DFT Models.pdf on the OSF for 
more details). While deliberating over the choice at DN1, the 
model simulates paths through the tree, and in so doing sim-
ulates future choices at DN2. Thus, DFT presents a vision 
of dynamic decision making that sharply contrasts with that 
of backward induction. Crucially, planning of future choices 
is done on-the-fly through repeated, noisy, forward-looking 
mental simulation, rather than strictly optimal, backward-
looking, commitments.

We investigated the contribution of three cognitive mech-
anisms that aid DFT in explaining dynamic choices. The 
first mechanism, threshold shift, allows the model to process 
information differently across decision stages by using dif-
ferent decision thresholds for planned and final decisions. 
Recall that for every timestep in the deliberation process at 
DN1, Emma must simulate two entire future decisions; one 
at DN2a/b and another at DN2c/d. Given the large number 
of simulations required to make a choice, it would be rea-
sonable to use a lower threshold, θplan, at DN1 and when 
simulating future choices at DN2. After making an initial 
decision at DN1, a higher threshold, θfinal, could be used for 
the simpler final choice at DN2.

Sampling bias is a mechanism drawing on the intuition 
that, in naturalistic contexts, various environmental, person-
ality, or cognitive factors (e.g., salience, memory strength, 
emotional significance) will bias mental simulations away 
from an accurate reflection of objective likelihoods, even 
when the probabilities are fully described. While many such 
biases may manifest in real world scenarios, in simple labo-
ratory settings – where outcomes are represented as numeri-
cal values – it stands to reason that outcome magnitude is 
the primary factor biasing attention (see Madan et al., 2014; 
Vanunu et al., 2020). As such, when DFT simulates an event 
at CN3-CN10, the higher magnitude outcome is sampled 

5  Non-zero values of P(0) can be used to explain response biases and 
carry-over effects from past experience or previous decisions.
6  DFT belongs to the broader classes of random walk and sequential 
sampling models.
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with probability ϕ, and the lower magnitude value is sam-
pled with probability 1– ϕ (cf. de Gardelle & Summerfield, 
2011; Vanunu et al., 2021). Biased sampling is assumed to 
occur only when planning ahead at DN1 (and simulating 
future choices for DN2), while final choices at DN2 involve 
unbiased sampling according to the true CN probabilities 
(i.e., 50%).

The final mechanism, daydreaming, holds that people 
may sometimes lose focus and let their mind wander to 
other matters. When this happens, simulations are not lim-
ited to the outcomes in the decision tree but are instead 
drawn from the universe of possible outcomes. We represent 
this by randomly sampling a value from a uniform distribu-
tion spanning the range of ON values in the experiment. 
With probability δ the model samples from U(n,m) , where 
n and m are the minimum and maximum values across all 
trials, respectively. Limiting these daydreams to the range 
of values found in trees represents the intuition that peo-
ple do not consider unrealistically extreme outcomes (see 
Bhatia, 2014, and Kellen et al., 2020, for similar, distracted 
versions of DFT).

We examined four variants of DFT. Each is built within 
the shared framework of noisy mental simulation but is 
designed to represent a unique strategy. DFT 2 is the most 
sophisticated model, having separate threshold parameters 
for each decision stage. θplan is the subjective evidence 
threshold used for decisions at DN1 and for planned (i.e., 
simulated) decisions at DN2, whereas θfinal represents the 
threshold for final choices at DN2. Estimating parameters 
separately allows for changes in processing across stages, 
and we expected θplan < θfinal for most individuals7 – indicat-
ing frugality when planning ahead, but increased caution 
when making final decisions. DFT 1 is identical to DFT 2, 
but assumes no change in evidence threshold across stages, 
i.e., θplan = θfinal.

The final two model variants, DFT 1no-plan and DFT 
2no-plan, are non-planning versions of the first two. They 
represent the hypothesis that individuals do not plan future 
choices, but instead treat future DNs like equiprobable CNs. 
That is, when deliberating at DN1 and imagining the future 
event at DN2, these models simply “flip a coin” in lieu of 
simulating a decision (i.e., ρ2 = .50).

As a standard for comparison, we investigated the per-
formance of a flexible version of backward induction, the 
baseline model. However, we exclude this model from the 
analyses below because it yielded poor qualitative fits to 
data, and it was never selected as the best model for any 
individual (see Appendix B in the OSM for more details).

DFT modeling procedure

To determine the best model-based characterizations, we 
perform two complementary analyses. Our primary quan-
titative analysis relies on cross-validation to determine the 
model that most successfully predicts individual choices 
(Busemeyer & Wang, 2000). We also use maximum-likeli-
hood estimation to fit the models to the individuals’ choices. 
These fits are examined to determine each model’s ability to 
reproduce key behavioral patterns.

The four-fold cross-validation analysis was conducted as 
follows: For each individual participant, we randomly allo-
cate trials to four different training sets, such that 25% of 
trials in each condition are part of each (and only one) train-
ing set. A corresponding validation set is created for each 
training set, which contains the remaining 75% of trials. For 
each choice trial, the models’ predicted choice probabilities 
are estimated by simulating choices from each model 300 
times. We assume a binomial error process to connect pre-
dicted choice probabilities to observed choices. The best-
fitting parameter estimates are then used to predict responses 
for trials in the validation set. This procedure is followed 
four times – once for each training set – and the predictive 
accuracy results are averaged. We use these mean out-of-
sample prediction accuracies as our primary goodness-of-fit 
measure. Comparing this measure across models tests how 
well each model accounts for the data while also implic-
itly penalizing undue model complexity (see Busemeyer & 
Wang, 2000).

Results

Behavioral results

Behavioral analyses focused on the proportion of partici-
pants’ choices that matched the predictions of the normative 
backward induction model, i.e., their maximization rate. At 
DN2, the prediction was simply to choose the alternative 
with the higher expected value. At DN1, the prediction was 
to choose the CN with the higher expected value, with the 
values for CN1 and CN2 calculated via backward induction.

Mean maximization rates for final choices at DN2 were 
high for both full (M = 0.96, SE = 0.01) and half (M = 0.91, 
SE = 0.01) trees, indicating that participants easily iden-
tified the high-value alternative when making these sim-
ple choices. Choices on single-stage tree trials – which 
similarly involved immediate outcomes and no planning 
– were also highly accurate (M = 0.91, SE = 0.02). In con-
trast, choices at DN1 showed lower maximization for both 
full (M = 0.44, SE = 0.04) and half (M = 0.58, SE = 0.04) 
trees. Since a failure to maximize may result from either 
an error in implementing the backward induction strategy 

7  Note that we do not constrain ϑplan to be less than ϑfinal, but rather 
freely estimate them and allow the data to speak for themselves.
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or the use of an alternative strategy, in the following sec-
tion we use TE modeling to identify the presence of back-
ward- versus forward-working strategies, independent of 
response errors.

True‑and‑error modeling results

We begin with full two-stage trees. In terms of badness of fit, 
the TE model provided a competent account of the data ( G2

df=10
 

= 17.01, p =.07).8 In terms of parameter estimates, the probabil-
ity B of someone having preferences consistent with backward 
induction from the start was found to be merely.30. Among 
these, the probability sb of continuing to hold preferences con-
sistent with backward induction in the third and fourth blocks 
was.81. In the case of forward induction, the analogous prob-
ability sf  was found to be.64. These values suggest a modest 
increase in the predominance of backward induction, from.30 
to.49. Lastly, the choice error probabilities e12 and  e34 were 
found to be moderately low, with estimates of and.22 and.15, 
respectively. To corroborate this characterization, we tested a 
restricted version of the TE model that assumed that everyone 
held preferences consistent with backward induction right from 
the start (i.e., B = 1), or that these preferences were maintained 
in the second half of the experiment ( sf  = sb = 1). Enormous 
increases in badness of fit were found for the first two restricted 
models (smallest ΔG2 = 24.64, largest p <.001). Altogether, the 
TE modeling of two-stage lotteries indicates that only a (size-
able) minority of participants have preferences that satisfy 
backward induction, although its predominance increases as 
participants continue to encounter full two-stage trees.

We performed the same modeling analysis on the half 
trees. Once again, the TE model provided a good account 
of the data ( G2

df=10
 = 7.05, p =.72) but this time the esti-

mated probabilities B of initiating with preferences consist-
ent with backward induction (.61) and sb of preserving 
them in the second half of the experiment (1.00) were con-
siderably higher. The estimated probability of preserving 
preferences consistent with forward induction was also 
found to be larger (0.78). These parameter estimates 

indicate a small increase in the proportion of individuals 
consistent with backward induction in the second half of 
the experiment (.69). Restricting B = 1 led to gross misfits 
( ΔG2 = 28.75, p <.0001) but not sf   = sb = 1 ( ΔG2 = 1.5, 
p =.23). Lastly, the estimated choice error probabilities e12
(.30) and  e34 (.20) were slightly larger than their full-tree 
counterparts.

The estimated differences in true preferences consistent 
with backward induction are in line with the higher maximi-
zation rates observed in half trees relative to the full trees. 
To test this difference more rigorously, we fit a TE model 
in which all preference-related parameters were constrained 
to be the same across both full and half trees, allowing for 
choice-error probabilities to differ between the two. The bad-
ness of fit of this model was considerable, when compared to 
an encompassing model that did not impose those parametric 
constraints ( ΔG2

df=2
 = 22.99, p <.001).

Altogether, the TE modeling results indicate that a con-
siderable portion of participants held preferences consistent 
with backward induction, albeit with some temporal vari-
ation. Once again, note that these preferences are at odds 
with the notion that participants are simply engaging with 
the first decision node as a choice between two multiple-
outcome lotteries – something else is going on. Our goal 
then is to go beyond the agnostic characterization offered 
by TE modeling. We will pursue it by implementing and 
evaluating a number of DFT models that postulate mental 
simulation processes that can result in preferences consistent 
with backward induction.

DFT modeling results

Our first analysis aimed to select the best and most parsimo-
nious DFT model for each individual using cross-validation. 
Since the models are meant to represent individuals’ deci-
sion strategies across all trials, not just two-stage trees, we 
focus on the individual-level results. DFT 2 was the best per-
forming model for 19 individuals (38%), followed by DFT 
2no-plan with 17 individuals (34%). DFT 1 and DFT 1no-plan 
performed equally well, and were each the best model for 
seven individuals (14%). These results indicate that most 
people (58%) were best characterized by the threshold shift 
mechanism whereby they set different evidence thresholds 
at DN1 and DN2. A slight majority (52%) planned future 
choices for DN2, while the others did not.

To better understand the performance of the models, we 
now turn to a qualitative analysis. We discuss the distribu-
tions of parameter estimates for the best-fitting version of 
DFT below (see Fig. 4). Figure 3 compares observed mean 
choice proportions to model predictions for full (left panel) 
and half (right panel) trees. Each individual’s predictions 
come from the model with the best performance under 

8  As a reassurance of the robustness of the reported results, note 
that the conclusions drawn in this section do not hinge on the use of 
null-hypothesis significance testing. For instance, they are supported 
by model selection criteria such as the Akaike Information Criterion 
(AIC) and the Bayesian Information Criterion (BIC). To illustrate, 
consider the BIC: for both the full-tree and half-tree data, the penalty 
term is approximately 5.28 per parameter. Applying this penalization 
to the reported G2 and ΔG2 statistics reveals that cases yielding non-
significant results correspond to instances in which BIC favors the 
simpler (null) model, whereas cases yielding significant results cor-
respond to instances in which BIC favors the more complex (alterna-
tive) model.
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cross-validation.9 Each individual contributes two datapoints 
to each panel: mean maximization rates are indicated by tri-
angles for DN2 and circles for DN1. Although all of the mod-
els do well in predicting behavior at DN2 – where maximiza-
tion rates are very high – interesting patterns emerge for the 
more heterogeneous behavior at DN1. Non-planning models 
(DFT 1no-plan and DFT 2no-plan) were best for participants with 
low maximization (below.5), while planning models (DFT 1 
and DFT 2) were preferred for those with higher maximiza-
tion (above.5). If we consider how the models deliberate at 
DN1, this pattern is quite sensible: Planning models tend to 
simulate choosing the superior alternatives in the future and 
will therefore make choices at DN1 that largely match those 
predicted by backward induction. In contrast, non-planning 
models do not simulate maximizing choices – because they 
are equally likely to imagine choosing either option in the 
future – and therefore better match individuals who violate 
the predictions of backward induction. A small number of 
individuals best fit by DFT 2 show a noteworthy pattern of 
misfits, with maximization rates higher than predicted for 
Full trees and lower than predicted for Half trees (blue dots 
in Fig. 3). The section Adaptive strategy selection in the 
General discussion discusses these in the context of strategy 
adaptation, which remains an interesting avenue for future 
investigations. Readers interested in the patterns of model 
misfit should consult Fig. A5 in the OSM for the predictions 
of all models for all individuals.Fig. 3   A comparison of observed 
and predicted individual mean maximization rates at DN1 (triangles) 
and DN2 (circles) for full (left panel) and half (right panel) trees. 
Predictions are shown for each individual’s best model, according to 
cross-validation

In light of the TE modeling results suggesting a variation in 
preferences throughout the experiment, we also considered an 
extended DFT 2 model that allows for a change in processing 
– from not planning to planning – during the experiment. A 
switch point parameter was allowed integer values from 0 to 4, 
and determined the block after which a person began planning. 
Values of 0 or 4 indicated consistent planning or non-planning, 
respectively (i.e., no strategy switch). To avoid introducing 
excessive complexity into the extended model, the model only 
considered a change from non-planning to planning.10

The bottom panel of Fig. 4 shows the distribution of best-
fitting switch point parameters, revealing a pattern in keeping 
with our TE findings. Half of participants (25) appeared to 
plan for the entire experiment – switch point of 0 – while13 
(26%) never planned – switch point of 4. The remaining 

12 (24%) individuals did not plan initially, but eventually 
adopted a planning strategy after Blocks 1, 2, or 3. These 
results differ somewhat from those obtained with TE mod-
eling, which can be attributed to a number of reasons, such 
as the fact that the TE model was fit to separate subsets of 
the choice trials (half and full two-stage trees), whereas DFT 
considered all choice trials simultaneously. Another impor-
tant difference is the fact that the TE model only allowed for 
a change to occur halfway through the experiment, whereas 
in the DFT model this change could take place in any block.

The other panels of Fig. 4 also provide insights into 
decision strategies. As expected, the threshold shift 
mechanism yielded substantially lower values for θplan 
than θfinal. This indicates that people made quicker, more 
error-prone decisions when planning and simulating at 
DN1, but later raised their standards when making care-
ful final decisions at DN2. A range of sampling bias (ϕ) 
values was found, with many individuals showing a strong 
tendency to simulate the higher magnitude outcome when 
planning ahead. Daydreaming (δ) also showed a range of 
values, with some people rarely daydreaming and others 
doing so almost half of the time. Future work evaluating 
the disposition towards daydreaming is necessary.

General discussion

Many decision problems in life require people to plan across 
multiple decision stages. This feature is all but absent in the 
mainstream study of decision making under risk. The goal 

Table 1   Binary preference patterns presumed by the true-and-error 
model

Pattern # Choice-pair presentation

1 2 3 4

1 0 0 0 0
2 1 0 0 0
3 0 1 0 0
4 1 1 0 0
5 0 0 1 0
6 1 0 1 0
7 0 1 1 0
8 1 1 1 0
9 0 0 0 1
10 1 0 0 1
11 0 1 0 1
12 1 1 0 1
13 0 0 1 1
14 1 0 1 1
15 0 1 1 1
16 1 1 1 1

9  Qualitative modeling results are based on fitting each model to all 
responses at the individual level. The procedure for estimating opti-
mal parameter values was otherwise identical to that used for the 
cross-validation analysis.
10  We also tested a version of the model that switched from planning 
to not planning, but this model produced inferior fits for the majority 
of individuals.
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of the present work is an attempt to bridge the existing gap 
and showcase the research potential of dynamic decision 
making. To illustrate the possibilities available to research-
ers, we characterized people’s choices using different mod-
eling approaches when investigating their adherence to the 
normative benchmark that is backward induction.

TE modeling informed us that a small but sizeable portion of 
the individuals held true preferences consistent with backward 
induction, with some degree of temporal variation. The prefer-
ences are at odds with the notion that participants treat the deci-
sion trees as choices between two multiple-outcome lotteries. In 
other words, these preferences call for an explanation that takes 
into account the dynamics of the tree and its decision/chance 
nodes. This is what the DFT modeling provides, by proposing a 
mental simulation process that can be deployed during planning.

We tested several versions of DFT – each of which 
used mental simulations to accumulate evidence to a 
decision threshold – and found clear individual differ-
ences. A slight majority (52%) of people planned their 
future choices before making an initial move, while the 
others did not and instead treated their future choice 
as a random chance event. Our model comparison also 
showed that most individuals (58%) adjusted their infor-
mation processing across decision stages by using a low 
evidence threshold while planning ahead at DN1 but set-
ting a higher (i.e., more cautious) threshold for their final 
decisions at DN2.

Fig. 3   A comparison of observed and predicted individual mean maximization rates at DN1 (triangles) and DN2 (circles) for full (left panel) 
and half (right panel) trees. Predictions are shown for each individual’s best model, according to cross-validation

The resulting DFT characterization sheds light on 
some of the processes underlying people’s choices, such 
as their ability to imagine outcomes (e.g., sampling bias), 
restrict their attention to the relevant outcomes (e.g., 
daydreaming), or keep the same strategy throughout the 
experiment (switch point). Understanding how these 
characteristics relate with individual (e.g., working-
memory capacity, Schapiro et al., 2022) or situational 
factors (e.g., the psychological distances induced by the 
description of the decision trees, Trope & Liberman, 
2010) strike us as some of many important research ave-
nues that are yet to be pursued.

Mental simulation

Previous research suggests that mental simulation plays a 
key role in many behaviors. It follows directly from the 
idea of mental sampling inherent to sequential sampling 
models (see Hotaling et al., 2024) as well as trace-based 
models of choice (Gonzalez & Dutt, 2011; Hotaling et al., 
2022; Stewart et al., 2006) and memory (Hills et al., 2015). 
More directly, Kahneman and Tversky's (1982) Simula-
tion Heuristic was used to explain how people estimate the 
likelihood of a counterfactual event based on how easy it 
is to imagine mentally. Klein and colleagues (Klein, 1993, 
1998) proposed the Recognition-Primed Decision Model to 
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Fig. 4   Distributions of individuals’ best-fitting parameters for the full Decision Field Theory-Planning (DFT) model
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explain how people make fast decisions in complex, high-
stakes scenarios by quickly simulating and selecting the first 
option deemed satisfactory. Future research should investi-
gate models of dynamic decision making that incorporate 
non-compensatory or heuristic strategies into broader com-
putational frameworks, such as DFT. Such models would 
provide new approaches for representing time and effort-
saving simplification strategies in complex environments.

Neuroscience also provides evidence for mental simula-
tion. For instance, Johnson and Redish (2007) and Dragoi 
and Tonegawa (2010) found patterns of neural activity 
indicating mental simulation in rats navigating mazes in 
search of food. Pezzulo and colleagues (Chersi & Pez-
zulo, 2012; Pezzulo et al., 2013) developed a computa-
tional model of these tasks in which rats virtually “walk in 
the hippocampus” by simulating movement along different 
paths. Using fMRI Suzuki et al. (2012) showed that people 
use “direct recruitment” of their own mental processes to 
imagine and predict the choices of others. This suggests 
another path for future research investigating dynamic 
decision making strategies in competitive choice scenarios 
because DFT offers a flexible framework for modeling the 
cognitive processes involved in planning ahead while also 
considering the future actions of an opponent.

Adaptive strategy selection

Research has shown that people modify their decision making 
strategies in response to task demands (Gigerenzer & Todd, 
1999; Glöckner et al., 2014; Payne et al., 1993, Rieskamp 
& Otto, 2011). The seminal work of Payne et  al. (1988) 
showed that many participants adaptively select strategies in 
response to changing information structures and time pres-
sure. Although the above experiment was not designed for this 
purpose, we do find evidence that participants changed their 
strategies across conditions. Figure 3 shows a small group of 
individuals for whom DFT 2 overestimates maximization for 
full trees (blue circles falling above the diagonal) but underes-
timates maximization for half trees (blue circles falling below 
the diagonal). This pattern suggests that some individuals 
changed their approach in a way that is not captured by DFT 
(or TE models) in its current form – for example, planning for 
half trees but not for full trees. Examining the role of adaptive 
strategy selection in dynamic decision making is an important 
avenue for future research, with the goal of developing process 
models that capture changes in processing as people encounter 
and adapt to various types and degrees of complexity.

Response times

Response times (RTs) are another important area for future 
research, as these may provide valuable insights into the pro-
cesses underlying dynamic decision making. DFT provides a 

convenient framework for exploring RT mechanisms, while also 
highlighting some of the challenges to this pursuit. For example, 
in the above analyses DFT is free to estimate threshold values 
that optimize the models’ fits to choice data. However, given that 
each simulation at DN1 requires an entire simulated decision at 
DN2, the current versions of DFT might produce unrealistically 
long RTs. One solution would be to estimate separate threshold 
parameters for DN1 and for simulated choices at DN2, in which 
case the latter could be set extremely low so as to avoid overly 
long RTs. Alternatively, some scaling factor could be used so 
that each sample within a simulated decision takes less time than 
a sample within a real decision. Model comparisons incorporat-
ing RT data offer a promising method for testing such hypoth-
eses while also further constraining inferences about other 
mechanisms of dynamic decision making.

Modeling toolbox

Both TE and DFT models provided similar pictures showing that 
a sizeable portion of the participants’ preferences are in line with 
backward induction. This convergence provides mutual support 
for these modeling approaches, each with its own set of strengths 
and weaknesses. TE modeling can be deployed in circumstances 
where participants only encounter a limited number of decision 
trees. On the other hand, the characterization that it provides is 
agnostic when it comes to the cognitive processes involved. To go 
beyond it, a model like DFT is necessary – but its implementation 
requires a much richer empirical substrate. Rather than thinking 
in absolutes, researchers are encouraged to see them as different 
solutions in their toolbox that can be deployed strategically.
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