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Abstract

One source of complexity in counterfactual reasoning is the
order in which events are presented within the conditional.
Counterfactuals with a backwards order of events (aka ‘back-
tracking’ counterfactuals) involve reasoning backward: from
the consequent to the antecedent. We extend on prior exper-
imental work (e.g., Rips 2010), and consider the possibilities
adults reason over when they backtrack. We find that adults’
reasoning strategies tend to be inconsistent when responding to
backtracking questions. In scenarios involving a single causal
variable, participants do not generally allow for extraneous
changes from the actual world. Furthermore, when reason-
ing forward along a causal chain, participants do not allow for
extraneous changes. However, in backtracking scenarios in-
volving multiple causal variables, participants are at chance in
choosing worlds with extraneous changes. We provide novel
evidence for the changes allowed from the actual world when
backtracking, with mixed support for theoretical claims such
as Minimal Networks Theory.

Keywords: possibility reasoning, semantics, counterfactuals,
causality, backtracking

Introduction
Counterfactual (CF) reasoning allows us to consider how the
world might have been, given a change to our actual state
of affairs. It requires an ability to reason over non-actual
events, and is tied closely to our understanding of causality
(Gerstenberg, Goodman, Lagnado, & Tenenbaum, 2015; Ger-
man & Nichols, 2003; Henne, Kulesza, Perez, & Houcek,
2021; Mackie, 1980; Spellman & Mandel, 1999; Mandel,
2003). A counterfactual conditional (e.g., “If dogs had wings,
they would fly”) is comprised of an antecedent (“If dogs had
wings”) and a consequent (“They would fly”). While the an-
tecedent typically describes an event that happens before the
consequent, there exists a special class of counterfactuals in
which this is not the case. These are referred to as backtrack-
ing1 counterfactuals, since they involve reasoning backwards
from the consequent to the antecedent (Lewis, 1979; Frisch,
2005; Hiddleston, 2005; Ward, 2014; Khoo, 2016).

To illustrate, (1) is a backtracking counterfactual.

(1) If the dog had barked, he would have seen the mail-
man.

Here, we reason backwards from the consequent event (the
dog seeing the mailman) to the antecedent event (the dog

1or backward counterfactuals in Khoo (2016)

barking), since the consequent event occurs before the an-
tecedent event. Compare this to the forward counterfactual
in (2):

(2) If the dog had seen the mailman, he would have
barked.

Here, (contra (1)) one reasons forward when analyzing the
counterfactual scenario, from the antecedent event (the dog
seeing the mailman) to the consequent event (the dog bark-
ing).

While forward counterfactuals are well-attested in the lit-
erature on adult reasoning ability, backwards counterfactuals
are less commonly discussed and relatively understudied in
experimental work. However, there is a growing body of re-
search showing that adults reason backwards when forwards
reasoning is unlikely (Rips, 2010; Rips & Edwards, 2013;
Gerstenberg, Bechlivanidis, & Lagnado, 2013; Han, Jimenez-
Leal, & Sloman, 2014).

A complete theory of counterfactuals must not only accu-
rately account for forward counterfactuals, but also for back-
wards counterfactuals (Lassiter, 2018). One popular account
is Minimal Networks Theory (MNT) presented in Hiddleston
(2005). However, this account has demonstrated limitations
in the backtracking cases for which it can account (Rips,
2010; Rips & Edwards, 2013).

In the present study, we expand on prior work analyz-
ing backtracking within the context of minimal networks, by
studying the nature of the changes participants allow to a
causal network. We consider different types of causal struc-
tures (with both one and multiple causes which can lead to
some effect). Working within the framework of causal net-
works to design our stimuli, we consider whether participants
allow for extraneous changes to a causal network (e.g., chang-
ing a variable not mentioned in the antecedent, which is not
causally downstream from the effect under consideration).

To this end, we address the following question: When
adults reason backwards over possibilities, do they tend to
take a parsimonious approach to changes in the causal sys-
tem? That is, do they prefer to keep constant variables which
are unmentioned in the antecedent? For forward counterfac-
tuals, this is suggested to be the case (Lewis, 1973), but the
counterfactual changes we allow when backtracking remains
an open question.
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We conduct an experimental task on adults, in which we
manipulate the nature of the causal network, and require par-
ticipants to respond to both back and forward-tracking coun-
terfactual questions. Unlike prior studies, we prompt for a
minimal (vs. non-minimal) network in our questions, to de-
termine whether participants truly have a preference for min-
imal alterations to a causal network. We find that in scenar-
ios where the unmentioned variable is not a cause of the an-
tecedent, participants choose to leave it unchanged. However,
when the unmentioned variable is a cause of the antecedent,
participants do not consistently choose the minimally altered
network. This builds upon prior work such as Rips (2010),
showing that participants not only are not consistently fol-
lowing the response patterns expected for MNT, but that they
choose a non-minimally altered possibility to a similar degree
as the minimally-altered possibility.

Background
Lewis’ account
Backtracking counterfactuals add a layer of complexity for
theoretical accounts of counterfactuality, especially for Lewis
(1979). The existence of backtracking counterfactuals is con-
tradictory to the asymmetric view in Lewis - i.e., that the
past does not depend on the present (since backtrackers are
an example of such a dependence). Lewis avoids the issue
by claiming that backtracking counterfactuals require a spe-
cial resolution of vagueness, in which the past can change
depending on the present state, and excluding backtrackers
from the standard analysis of counterfactuality. The Minimal
Networks (MNT) approach in Hiddleston (2005), on the other
hand, provides a causal models-based account which allows
for both forward and backtracking.

In order to understand MNT we must first appeal to a
notion of similarity when evaluating counterfactuals (Lewis,
1973). When we reason over counterfactuals, we have fairly
sharp judgments about the truth or falsity of the utterances -
which is not possible under standard truth-conditional seman-
tics, since the antecedent of a counterfactual is, by its nature,
false.

Here, we present a simplified version of Lewis’s similarity
principle, which we build on for our discussion of MNT. We
refer to this as the closest possible world constraint (CPWC).

A counterfactual A (antecedent) therefore C (conse-
quent) is true if C is true in all worlds in which A is true
and that are otherwise most similar to the actual world.

If we take our initial example (“If dogs had wings, they
would fly”), and apply this constraint, we would first have to
consider worlds in which the antecedent is true. That is, the
worlds in which dogs have wings. Of these worlds, the worlds
in which dogs would fly are closer to our state of affairs than
worlds in which, e.g., dogs would become herbivores.

Building on the CPWC, MNT allows us to formalize the
exact nature of the changes to the world, and consider the
models of the world which we generate when reasoning coun-

terfactually. It also provides a potential account for back-
tracking, though experimental evidence shows that it does not
generate accurate predictions for all types of causal systems.

Causal networks and counterfactual reasoning
Accounts of counterfactuality such as Hiddleston (2005) and
Pearl (2009) rely on causal networks to conceptualize coun-
terfactual reasoning. Causal networks are variations of di-
rected acyclic graphs meant to map out causal relationships
(Danks, 2014). These graphs are comprised of nodes and
links between nodes. The nodes comprise the set of vari-
ables, and the links between nodes represent the relationships
between the variables. The utility of using causal networks
(and more broadly, causality) to account for counterfactual
and conditional reasoning is highlighted in, e.g., Pearl (2009),
Spirtes et al. (2000) and Tversky and Kahneman (1980), and
the validity of causal networks as a way of modeling causal
reasoning is discussed in Gopnik et al. (2004), where it was
found that inferences made by children and infants with re-
spect to causal scenarios are consistent with inferences re-
sulting from causal networks.

Following Hiddleston (2005), we define similarity based
on the changes one makes to the causal structure representing
the actual world.

To illustrate, consider the following scenario:

Amy needs to get to school on time. In order for her
to get to school, two things need to happen. She needs to
set her alarm the night before, and there can’t be a lot of
traffic on the roads. Today, the roads are clear, and she
sets her alarm. Therefore, she gets to school on time.

Here, the set of facts is the following:

R: Roads are clear
A: Alarm is set
S: Amy gets to school on time

And the law governing these facts is restated below:
If the roads are clear (R=1) and her alarm is set (A=1),
Amy gets to school on time (S=1).

The causal network for the sample scenario is in Figure 1.

S = 1

R = 1

A = 1

Figure 1: Sample scenario causal diagram

Now suppose that Amy did not set her alarm on a certain
day (i.e., A = 0 is our antecedent). From this antecedent, we
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can generate two possible causal diagrams, which are shown
in Figure 2.

S = 0

R = 1

A = 0

(a) Model 1

S = 0

R = 0

A = 0

(b) Model 2

Figure 2: Causal diagrams given A = 0

Each scenario is summarized below:

Model 1: If Amy had not set her alarm (A = 0), the roads
would still have been clear (R = 1), but she would not have
gotten to school on time (S = 0).
Model 2: If Amy had not set her alarm (A = 0), the roads
would still have not been clear (R = 0), and she would not
have gotten to school on time (S = 0).

Similarity is defined based on the number of causally in-
dependent facts which are preserved from the actual world.
In order for a fact to be causally independent it must not be
caused by the antecedent fact (i.e., it is not directly down-
stream from the antecedent). The model which maintains
the most causally independent facts is the minimally altered
model (i.e., the model with the minimal number of alterations
to it with respect to its variables). In this case, Model 1 main-
tains more causally independent facts (R = 1 is not changed)
than Model 2. Model 2 changes the other unmentioned fact
(R = 0) as well. One would therefore predict the scenario in
Model 1 to be judged as more plausible, which is in line with
intuitive judgments of the two scenarios.

Prior experimental studies
There is a growing body of experimental studies which have
considered the way in which theoretical accounts of back-
tracking can align with observed participant data (Dehghani,
Iliev, & Kaufmann, 2012; Sloman & Lagnado, 2005; Han
et al., 2014; Gerstenberg et al., 2013; Rips, 2010; Rips &
Edwards, 2013; Lucas & Kemp, 2012, 2015). Typically,
these accounts either use a minimal-networks type approach
(e.g., Dehghani et al. (2012) and Rips (2010)) or a Pearl-style
approach (e.g., Lucas and Kemp (2012)’s DMSM theory).
While we focus on a Hiddleston-style notion of similarity
here as the basis for our analysis, it is important to note some
of the factors which can affect participants’ ability to back-
track.

For instance, Han et al. (2014) found that participants
are less inclined to backtrack if it is unnecessary for reach-
ing a conclusion —when another route of reasoning such as

forward-tracking suffices. The order of questions also can af-
fect the selection of causal structures, as seen in Gerstenberg
et al. (2013). Additionally, prior knowledge can also af-
fect the way in which participants respond to backtracking
prompts, as participants may be susceptible to certain cog-
nitive biases when reasoning counterfactually (Dehghani et
al., 2012). From prior experimental work, however, it does
become clear that participants do not exclusively engage in
forward-tracking when faced with counterfactual prompts,
and they take into account prior variables and can change
them as needed.

However, the nature of these changes still remains largely
understudied. In particular, the degree to which participants
are flexible in allowing changes to causally upstream vari-
ables, and whether an account such as MNT can be predictive
of such changes. In this paper we mostly build off of exper-
imental work in Rips (2010) (and Rips and Edwards (2013),
which follows up with further experimental manipulations).
In Rips (2010), the predictions of MNT were tested in a se-
ries of four experiments (three with backtracking and one
with forward). The experiments vary in their use of different
causal structures and phrasing, as well as whether the con-
nections between variables are deterministic or probabilistic.
The test questions prompt for the status of a variable as ei-
ther a question (of the sort “If component X had not operated
would component Y have operated?”), or as a binary choice
(“If component X were not operating, component Y would be
operating”) where participants have to decide if the sentence
“follows” or does not “follow”.

Take the device in Figure 3 as an example, from Rips
(2010)’s Experiment 1.

C = 1 D = 1

B = 1

A = 1

Figure 3: Rips (2010), deterministic jointly caused device

Here, the rule for the device is that it is jointly caused. This
means that both A and B must have their values set to 1 in or-
der for C (and therefore D) to also be 1. Participants would be
asked, in this case “If Component C had not operated, would
component A have operated?”. In this case, the MNT pre-
diction would be “no”, since there are two plausible minimal
networks (A = 1 and B = 0 or A = 0, B = 1), and A is not 1 in
one of the networks. However, for this test item, around half
of the participants responded with ‘yes’.

While the results show that variables upstream from the
antecedent can have an impact on counterfactual responses,
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responses across test items tended to be fairly evenly split,
therefore not providing conclusive evidence for a minimal
networks approach. Crucially, none of the conditions pre-
sented the entirety of the potential counterfactual models to
participants. Since the status of the unmentioned variable in
the causal systems is not evident, one cannot accurately gauge
whether participants have a preference for minimally altered
worlds, or whether they are more flexible in the changes they
allow to a causal system.

For example, in the above test item, it is possible that
the participants responding with ‘no’ are considering a non-
minimally altered world instead (one in which both A and B
are set to 0), or that they are simply employing some form
of basic conditional reasoning, and only considering at the
causal connection between A and C, without considering the
status of B. In addition, some of the ‘yes’ responses could be
due to participants changing only the status of the B, and opt-
ing to maintain A. The purpose of current study is to address
some of these open questions, and provide a more targeted set
of possibilities for participants to choose from. In doing so,
we aim to better understand the models which we reason over
when backtracking over simple causal systems.

Methods
Participants
We tested 46 native English-speaking adults from the United
States. Participants signed up to our study via Amazon Me-
chanical Turk. Upon signing up, participants were provided
with an external link to an online Qualtrics survey. Partic-
ipants were given one hour to complete the survey at their
own pace, unsupervised. We analyzed responses from 36 par-
ticipants, excluding 10 for incorrectly answering at least one
control question (out of 3 per scenario). Although our exclu-
sion criteria were strict, we found that participants largely un-
derstood the control questions: by scenario, control questions
were correctly answered at a rate of 94% (WITH-INERT),
92.75% (DISJUNCTION), and 97.83% (CONJUNCTION).

Materials and Procedure
In this study, we aim to closely analyze the changes that
participants allow from the actual world, and whether these
changes are parsimonious. To do this, we present partici-
pants with three different causal structures, varied in terms
of their rules and their complexity. Once we ensure that par-
ticipants are able to identify the causal structure through a
series of control questions, we prompt them with counter-
factual changes to the world (either a change to one of the
causes (forward-tracking), or a change to the effect (back-
tracking)). Participants are asked to choose between two pos-
sible worlds: either (1) a minimally different world and (2)
non-minimally altered world. While both choices are viable
(i.e., are antecedent-worlds and follow the law of the sys-
tem), we would expect participants who use a parsimonious
approach to counterfactual changes to not choose world (2)
in favor of (1).

Expanding on previous experimental work on backtrack-
ing (e.g., Rips (2010)), we do not present participants with
yes/no questions about the occurrence of a counterfactual
event. Instead, we ask participants to choose between two
worlds, in order to have a clearer idea of their reasoning strat-
egy, and their preference over models. For multi-cause back-
wards CF reasoning, findings from prior studies’ results can-
not discriminate usage of the CPWC (since there is no clear
prompting for a non-minimally altered world). Assuming that
participants understand how the states of each variable influ-
ences the state of other variables, our research question tar-
gets whether the CPWC applies in both temporal directions
during counterfactual reasoning about causal systems.

Scenarios We presented participants with short stories, all
of which were audio recorded by the second author (via
Adobe Premiere Pro) with corresponding visuals (created by
the second author via Canva). Scenarios involved simple ma-
chines, with two blocks which could be placed on a box and
make the box light up, based on different rules. The ma-
chines were based on the blicket detector paradigm used in
Gopnik and Sobel (2000), Gopnik, Sobel, Schulz, and Gly-
mour (2001), Nyhout and Ganea (2019), i.a.

For our test questions we manipulated two factors. The
first was the causal direction of the clauses in the prompt
(FORWARD, BACKWARD). The second was the causal struc-
ture of the scenario (WITH-INERT, DISJUNCTION, CONJUNC-
TION). DISJUNCTION and CONJUNCTION cases were quali-
tatively organized as multi-cause systems in comparison to
the single-cause WITH-INERT system.

For each system there exist at least two possible worlds of
varying closeness to the actual world. Each system has a dis-
tinct causal mechanism, and the systems together encompass
a set of basic logical rules. All systems involve three variables
- a light, and two colored blocks which differ in whether they
can turn the light on by themselves, whether they need an-
other block, or whether they do not turn the light on at all.

In our single-cause (WITH-INERT) case, the blue block can
turn the light on by itself, and the orange block does not turn
on the light. Participants are presented with the verbal in-
structions, along with the accompanying pictures.

Our other two (multi-cause) scenarios follow a similar
structure in their presentation. One of the systems is CON-
JUNCTION (or jointly caused), where both blocks (purple and
green) are required to be on the lightbox in order for the light
to turn on. The other system is DISJUNCTION (or separately
caused), and either one of the blocks (yellow or pink) can turn
on the light by itself.

Control questions After presenting participants with the
basic setup of the causal structure, we asked them a series of
control questions to ensure that they understood the scenar-
ios. We excluded participants from our sample if they could
not accurately respond to these questions.

Using our WITH-INERT scenario as an example, we pre-
sented participants with the following questions, and accom-
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panying images. All control questions were presented as
short videos, with a binary-choice yes/no response after.

• “Now, the blue block goes on the box, and the orange block
stays off the box. Will the light turn on?” (yes/no)

• “Now, the orange block goes on the box, and the blue block
stays off the box. Will the light turn on?” (yes/no)

• “Now, the blue block goes on the box, and the orange block
goes on the box. Will the light turn on?” (yes/no)

A similar set of control questions was used for the multi-
cause conditions as well, in the same format.

Test questions Figure 4 outlines the counterfactual test
questions across conditions.

Figure 4: Test conditions, with counterfactual prompts and
possible worlds (blocks that were not on the box were shown
beside the box in the materials presented to participants and
not shown here to save space).

Backwards and forward counterfactual reasoning was
tested across the three causal structures. For each condition,
participants were presented with two possible worlds - one of
which is minimally altered (i.e., no unnecessary changes were
made in order to ensure the truth of the antecedent), and the
other which is not. Participants were asked to choose the most
likely option between the two worlds, as a binary forced-
choice task. For example, in BACKWARD CONJUNCTION, the
actual world involves both blocks on the box. Counterfactu-
ally, participants were told that the light is off. Then, they
chose between a world in which the green block is still on the
box (minimally altered) or a world in which no block is on the
box. The actual world and counterfactual questions were pre-
sented as short videos to participants, and participants were

asked to click on the image corresponding to the world state
they found most likely, given the antecedent.

Procedure Each participant saw all three scenarios (WITH-
INERT, CONJUNCTION, DISJUNCTION) in randomized order.
For each scenario, they are presented first with a video of the
lightbox setup and causal connections. After we introduced
each box, we asked participants the associated set of control
questions. The order of control questions was randomized
between trials. Responses to each control question was col-
lected, and we did not correct participants‘ answers. Follow-
ing this, we asked participants both a BACKWARD counter-
factual question and a FORWARD counterfactual question in
random order. For each of our test questions we coded each
participant‘s response score as 1 if it was the closest possible
world and 0 otherwise.

Results
From a preliminary analysis, participants preferred the closest
possible world (i.e., the world with the fewest non-causally
downstream changes) across FORWARD tracking conditions
(96.3%) as would be predicted by Hiddleston (2005) while
they preferred the closest possible world less so for the BACK-
WARD conditions (56.5%), contra Hiddleston. As shown in
Figure 5, responses across the FORWARD condition were con-
sistently close to ceiling, while responses across the BACK-
WARD conditions were mixed. Specifically, responses in
the SINGLE-CAUSE conditions indicated a preference for the
closest possible world, versus in the MULTI-CAUSE condi-
tions, where participants were consistently close to chance in
their selection of worlds.

Figure 5: Percentage of responses that align with the Closest-
Possible-World Constraint (CPWC) across tracking direc-
tions and systems with Standard Error Bars

Given the repeated-measures (within-subject) nature of the
data, we fitted a Generalized Estimating Equation model

997



via the geepack package in R. The dependent variable was
the participant’s score, which was assumed to be discretely
binomially distributed between 0 and 1. The independent
variables were the scenario (WITH-INERT, CONJUNCTION,
DISJUNCTION) and the causal direction (BACKWARD, FOR-
WARD).

Participants generally made more CPWC judgments in
the FORWARD than the BACKWARD CF direction, (b =
3.138,SE = 0.665,Wald = 22.27, p < .001). Interest-
ingly, participants preferred the closest possible world
more in WITH-INERT than CONJUNCTION, b = 1.180,SE =
0.452,Wald = 6.82, p < 0.01, with no significant differ-
ence between the MULTI-CAUSE conditions, b = 0.095,SE =
0.372,Wald = 0.07, p = .747, across CF directions.

A series of binomial tests was conducted to test whether
selection of the closest possible world was at chance (p =
0.5). Significance was evaluated using Bonferroni corrections
for multiple tests. BACKWARD MULTI-CAUSE responses did
not differ from chance (CONJUNCTION: padjusted = 1.00, 95%
CI [0.255, 0.592]; DISJUNCTION: padjusted = 1.00, 95% CI
[0.304, 0.645]). However, the BACKWARD WITH-INERT con-
dition was significantly greater than chance, padjusted < .001,
95% CI [0.640, 0.918]. All FORWARD conditions as well
were greater than chance (padjusted < .001).

Discussion

We observe that participants did not choose the closest pos-
sible world in either of the multi-cause backtracking condi-
tions. However, in the SINGLE-CAUSE condition, participants
consistently preferred the closest possible world whether they
reasoned forwards or backwards along a causal chain of
events. Additionally, in both of the MULTI-CAUSE FORWARD
conditions, participants were at (or near) ceiling in choosing
the closest possible world. If participants were simply em-
ploying non-counterfactual conditional reasoning, we would
expect more non-CPWC responses, since similarity to the ac-
tual world would not play a role in their responses.

These results indicate that participants tend to follow the
CPWC (and therefore are aligned with predictions from
Hiddleston (2005)) in scenarios where there is only one clos-
est possible world. All FORWARD scenarios only generate
one closest possibility, and the single-cause scenario also only
generates one closest possibility. The forward CF findings
are somewhat unexpected in light of Experiment 4 in Rips
(2010), where participants gave similar responses to forward
and backward counterfactuals in a deterministic causal sys-
tem. The backtracking results for our single-cause scenario
are also novel given prior experimental work, indicating that
adults are parsimonious in the changes they allow from the
actual world in some backtracking cases.

We now return to our original question: When adults rea-
son backwards over possibilities, do they tend to take a parsi-
monious approach to changes in the causal system? We find
evidence that in simple cases involving just one closest pos-
sibility and its alternative (i.e., a possibility which requires

more changes from the actual world), adults are in fact parsi-
monious over the changes they allow. They choose the closest
possibility to a degree significantly above chance, mirroring
our results for forward counterfactuals. However, when the
selection of worlds is expanded, and adults must reason over
a larger set of closest possible worlds, they no longer prefer
a world from that set. Instead, they are at chance in selecting
a world involving more changes from reality. This finding
is rather puzzling, given the strong preference for the closest
possible world in the other conditions tested.

A possible explanation could refer to the added process-
ing difficulty involved in reasoning backwards about an ef-
fect with multiple causes. Participants must hold both causes
in mind when reasoning backwards over the multi-cause sce-
narios, and either cause can result in the antecedent effect oc-
curring (as opposed to the FORWARD conditions, where only
one cause is mentioned in the antecedent, or in the single-
cause condition where only one variable is causal). Since
both causes are salient, it is possible that participants are will-
ing to change both, thus resulting in a greater degree of non-
CPWC responses.

Another possible explanation is that participants are gen-
erating the causal network differently in the case of back-
tracking counterfactuals. Both causes result in the antecedent
event in the multi-cause scenarios, and due to the similarity
between causes it is possible that some participants are treat-
ing them as a single causal unit (i.e., concluding that either
both blocks are on, or both blocks are off). Further experi-
mental manipulations to the present conditions (e.g., toggling
the language and causal structures of our scenarios) would be
needed to determine the validity of either explanation.

Conclusion
Backtracking remains a largely understudied aspect of coun-
terfactual reasoning. Although prior experimental work (e.g.,
Rips (2010), Dehghani et al. (2012), Han et al. (2014)) has
made significant strides in understanding this major compo-
nent of counterfactual thought, it is still unclear from prior
work the nature of the changes participants allow to their
models of the world when reasoning backwards. In the
present study, we take a step towards addressing this open
issue, through the use of causal models within the context of
Hiddleston (2005)’s theory of similarity of worlds.

We show that participants prefer models with minimal
changes from the present state of affairs in some cases:
namely, in forward-tracking scenarios, and in backtracking
scenarios where only one cause leads to an effect. However,
participants deviate from this strategy in scenarios involving
multiple causes resulting in an effect. Our results provide pre-
liminary evidence that, while adults do make use of a notion
of similarity when backtracking, they are not consistent in
applying this reasoning strategy. Our findings expand upon
prior results in Rips (2010) with novel data, and help shed
light on the degree to which participants allow changes from
the actual state of affairs when reasoning counterfactually.
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