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Abstract

Building cognitive process models for reasoning tradi-
tionally involves hand-crafting them from underlying
theories and assumptions, thereby limiting comparabil-
ity and transfer between competing theories. To address
this, we present a novel approach that automatically
constructs process models: Process models are treated
as a sequence of cognitive actions/operations that are
extracted from cognitive theories and represented in a
unified framework while preserving the explanatory mer-
its of the underlying theories. Our method then searches
for an optimal sequence to fit the observed reasoning
behavior, providing insights into inter-individual differ-
ences on the level of reasoning processes. We apply our
approach to the domain of syllogistic reasoning and use
it to obtain insights into which processes and parts of
state-of-the-art models account best for individual rea-
soning behavior. We use a dataset including other rea-
soning domains as well as the progression of syllogis-
tic reasoning performance over time. This allows us
to investigate how processes and components of state-
of-the-art models correspond to an individual’s perfor-
mance in related domains and how they can account for
learning effects. Finally, we discuss the potential of our
approach for cognitive modeling: First, by utilizing a
unified framework for cognitive actions, we can obtain
process models combining the best components of state-
of-the-art models to account for observed phenomena.
Second, it allows us to relate specific processes better to
other domains of reasoning, advancing a unified under-
standing of reasoning. Finally, in-depth insights into the
respective theories and models are gained in an objec-
tive manner that facilitates the development of cognitive
process models.
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Introduction

At the core of cognitive modeling lies the motivation
to encapsulate facets of the processes driving our minds
into a simple, understandable model that still maintains
a grasp on the relevant principles and mechanisms. Out
of all abilities of the human mind, the ability to reason
about information is undoubtedly one of the most fun-
damental abilities of our intelligence. Consequently, it
was researched extensively, leading to a variety of mech-
anisms, processes and strategies being identified (e.g.,
see Manktelow, 1999).

In the spirit of Richard Feynman’s famous quote
“What I cannot create, I do not understand”, cognitive
models have the important role of concretizing and com-
piling the findings into testable accounts for the observed

behavior. Thereby, cognitive modeling of reasoning was
traditionally revolving around process models, which
make assumptions about the underlying mechanisms on
an algorithmic or process-oriented level. With the up-
rising of Bayesian models, however, research moved to-
wards probabilistic models as powerful accounts for the
observed behavior. While successful in discovering sta-
tistical relationships, this has been criticized due to their
lack of explanatory power on the level of mental pro-
cesses (e.g., Fugard & Stenning, 2013).

Conversely, cognitive process models come with the
problem of incompatibility among each other. Due to
their more complex and algorithmic structure, different
process models rarely share comparable structures, mak-
ing it difficult to unify findings from the different un-
derlying theories. Especially in reasoning, where higher
level processes are involved, specific accounts for strate-
gies are also unlikely to be generalizable across individ-
uals: inter-individual differences in strategies may dif-
ferentiate so substantially that an average reasoner with
a respective reasoning process may not exist (Riesterer
et al., 2020b).

In recent work (Brand et al., 2025), we approached this
problem by re-thinking cognitive process modeling as an
optimization problem: When treating sub-processes and
effects as modular actions, creating a process model ex-
plaining an observed behavior to a task corresponds to
finding a sequence of those actions that generate the ob-
served behavior adequately when applied to the task at
hand. That way, process models that fit individual par-
ticipants best can be automatically generated, while pre-
serving most of the explanatory value of the actions (i.e.,
the respective sub-processes).

Our work uses syllogistic reasoning as an exemplary
domain, which is one of the oldest and best-researched
domain of reasoning (for an overview, see Khemlani &
Johnson-Laird, 2012). Syllogisms are tasks requiring
reasoning over two quantified statements as illustrated
in the following example:

Some A are B.
All B are C.

What, if anything, follows?

The two statements (premises) connect two end-terms



via a middle term present in both premises. The task is
traditionally to derive a conclusion about the relation-
ship between the two end-terms or conclude that no valid
conclusion (NVC) exists. The arrangement of the terms
is referred to as the figure of the syllogism, and is one of
the following four figures (in the paper, we use the same
notation as Khemlani and Johnson-Laird, 2012):

Figure 1 Figure 2 Figure 3 Figure 4
A-B B-A A-B B-A
B-C C-B C-B B-C

The statements use first-order logic quantifiers and
can be abbreviated by a single letter: All (A), Some
(I), No (E) and Some not (O). By combining the quan-
tifier and the figure, the syllogism in the example would
thereby be abbreviated by IA1.

In this work, using data from work by Dames et al.
(2022), who investigated the relation to other reason-
ing tasks and re-test effects in syllogistic reasoning, we
use our method to investigate those on process level.
Thereby, the structure is as follows: First, we introduce
the dataset our work is based on as well as our method
and the respective actions derived from the state-of-the-
art. Second, we assess the performance of the gener-
ated models compared to cognitive models and investi-
gate how the changes in performance over time can be
explained by the identified differences in (sub-)processes.
Third, we relate the differences in the individual process
models to the general performance of those participants
in other reasoning tasks. Finally, the results are crit-
ically discussed and put into a general perspective for
cognitive process modeling of reasoning.

Method
Dataset

For our analysis, we use a publicly available dataset by
Dames et al. (2022) that tested all 64 syllogisms twice
to investigate retest effects. Additionally, other tasks
were administered. Besides questionnaires assessing the
personality traits, reasoning-related tasks were also in-
cluded, which we will consider in this work. These con-
sisted of the Cognitive Reflection Test (CRT; Frederick,
2005) with additional questions by Toplak et al. (2014),
conditional reasoning tasks (e.g., see Singmann et al.,
2016), a short version of the Advanced Progressive Ma-
trices (referred to as Raven in the remainder; Bors &
Stokes, 1998), the CORSI block tapping task (Corsi,
1972) and a operation span test (e.g., see Turner & En-
gle, 1989). Overall, the task contains complete responses
of 106 participants.

Process Model Generation

We utilize a recently proposed method (Brand et al.,
2025) to automatically generate process models. At its

core, the method revolves around the idea of reinterpret-
ing cognitive modeling itself as an optimization problem:
In experiments, a set of tasks X is tested, and for each
x € X a respective response behavior y, of the par-
ticipant is observed. A cognitive process model predict-
ing the observed behavior consists of actions (a1, ..., ay,)
that generate a prediction y, from z, such that each
action describes a potential cognitive (sub)process. Al-
though it is surely up to debate which actions can be
considered as such, we consider commonly observed ef-
fects and assumed processes from the state of the art as
valid actions.

Whereas for a single task x € X with a corresponding
response y the problem can be solved by an exhaustive
search for an action sequence leading from z to y, this is
no longer the case when considering a full response pat-
tern across all tasks. In this case, the problem becomes
an optimization problem, where some actions/processes
may solve certain tasks well but introduce errors for oth-
ers. Therefore, an optimal selection of actions has to be
found by maximizing a suitable objective function.

To structure the problem and create a unified frame-
work that can incorporate as many findings, theories and
models as possible, we identified three types of actions
that are prevalent in the state-of-the-art for modeling
human reasoning. They correspond to three phases:

1. Task Processing contains actions that represent cogni-
tive processes dealing with interpreting the task itself
and its meaning. They essentially realize a function
a(x) = o', mapping a task x to another task 2’ (e.g.,
by interpreting “Some B are A” as “Some A are B” in
the case of syllogistic reasoning) and can be considered
as preprocessing steps.

2. Response Candidate Generation contains actions that

build the initial mental representations and respective
solution candidates (i.e., conclusions in the case of syl-
logistic reasoning). Those candidates can be partial
or complete solutions. In the case of partial solutions,
other actions have to be used within this phase, until
complete solution candidates are derived (e.g., in syllo-
gistic reasoning, the quantifier may be decided by one
action, while subsequent actions derive a direction).
Actions in this phase realize a function a(z) = (z,y,),
where y, is a, potentially incomplete, representation
of response candidates.

3. Response Candidate Alteration contains actions that

work on already existing response candidates and rea-
son over them again in the context of the task. They
realize a function a(z,y) = (z,y’), where 3’ is an al-
tered version of y. In the case of syllogistic reasoning,
such actions can, for example, be entailments (e.g.,
p-entailment; see Chater & Oaksford, 1999; Oaksford
& Chater, 2001) or tests of the conclusions (e.g., the
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Figure 1: Schematic overview of the pipeline used to find the process model for an individual reasoner in the syllogistic
reasoning domain. On top, the general phase is shown, below the stages that are specific for syllogistic reasoning
with the respective actions/sub-processes. Stages denoted with an asterisk can have multiple actions/sub-processes
active. Percentage values denote the ratio of occurrences in the global model fits in both sessions. Processes in italic

reconstruct the logically correct solutions the best.

search for counterexamples proposed by Khemlani &
Johnson-Laird, 2013).

In the case of syllogistic reasoning, we identified addi-
tional stages within each phase, which simplify the opti-
mization process by constraining the search space. Fig-
ure 1 illustrates the pipeline with the respective stages
and actions that we isolated and modularized from the
current state-of-the-art. In the following, we briefly in-
troduce the respective actions.

Task Processing Actions

The task processing actions we implemented are based
on the idea of conversion, which means that reasoners
re-interpret the task in a fashion that simplifies the sub-
sequent reasoning process. The first conversion, the Path
heuristic, is directly adopted from TransSet, which pro-
poses that reasoners convert syllogisms without a tran-
sitive path (i.e., figure 3 & 4) into ones with a transitive
path by changing the direction of one of the two premises
that possess a universal quantifier (with priority A > E;
Brand et al., 2020). The two remaining, Transitive and
Illicit conversion also aim to establish a transitive path,
but with a preference towards figure 1. In the case of
the illicit conversion (see Revlis, 1975), it may introduce
reasoning errors when the direction of a universal and
positive or a particular and negative premise is altered.
For Transitive, only logically valid conversions are car-
ried out.

Response Candidate Generation

Responses in syllogistic reasoning are of the form ”All
A are C”, ”Some C are not A”, described by one of the
four quantifiers and a direction (A-C or C-A). Further-
more participants may respond that no valid conclusion
may be drawn (NVC). Therefore, the response candi-
date generation can be separated into a direct test for
NVC, a quantifier generation step and a direction gener-
ation step. Since 37 of the 64 syllogisms only have NVC
as a valid response, it is essential to include processes
that lead to NVC responses. In the response genera-
tion phase, this is reflected by five distinct NVC rules

that attempt to derive NVC directly from the (possi-
bly converted) task description. All of these rules are
derived from TransSet. For instance, the Two-Neg and
Two-Some rules conclude NVC if both quantifiers are
negative or particular respectively.

Quantifier selection rules were derived from the At-
mosphere theory (Woodworth & Sells, 1935), Match-
ing heuristic (Wetherick & Gilhooly, 1995), Probability
Heuristics Model (Chater & Oaksford, 1999) and Men-
tal Models Theory (Johnson-Laird, 1983; Johnson-Laird
& Bara, 1984). For instance, the Atmosphere heuristic
can be described as follows: The conclusion quantifier
is universal if and only if both premise quantifiers are
universal. The analogous rule holds for positivity. In a
similar fashion, we obtained direction generation rules
from the PHM and MMT theory. Moreover, we imple-
mented the Figure Effect (Dickstein, 1978) which selects
an A-C direction for figure 1 syllogisms and C-A direc-
tion for figure 2 syllogisms. The Bidirectional process
simply denotes that both directions are selected during
response candidate generation.

We note that conclusion generation in MMT is some-
what more involved since it relies on mental models as an
intermediate representation. Therefore, we relied on the
prediction table given in Khemlani and Johnson-Laird,
2012 to determine the set of quantifiers and directions
that can follow from a given premise.

Response Candidate Alteration

Processes that alter generated responses can again be
divided into three stages: Fxtensions act by adding con-
clusions to the responses generated in the previous step.
An example is the Grice implicature which consists of
inferring ”Some A are not C” from ”Some A are C”
and vice versa. The p-Entailment heuristic is derived
from PHM. The second stage consists of conclusion tests
that filter conclusion candidates to model, for instance,
a search for counterexamples as in MMT. This can pos-
sibly lead to a NVC response. The other conclusion tests
are derived from PHM: For instance, the O-Heuristic of
PHM states that reasoners prefer not to conclude re-



sponses involving the ”Some...not” quantifier due to the
low informativity of the resulting statement. Finally,
we included preferences. These also act as filters, but
do not lead to a NVC conclusion. One example is the
Gricean maxime of quantity (Grice, 1975) which states
that reasoners prefer universal to particular responses.
Thus, for instance, if ”All A are C” and ”Some A are C”
were both included the responses previously, the latter
one is deleted. The other preferences are derived from
the Figure Effect, PHM, the Atmosphere theory and the
Matching heuristic.

Evaluation

First, we fitted process models for every participant on
all 64 tasks optimizing accuracy of the reconstruction
of the respective participant’s responses. We included
PHM, MMT and TransSet using openly available imple-
mentations (Brand et al., 2020; Riesterer et al., 2020a)
for comparison, since most actions were adopted from
these models. Additionally, a random model as the lower
baseline as well as the most frequent answer (MFA) is
included as the best strategy when no adaption to an
individual reasoner is performed. Since the behavior of
participants already seeming to know (formal) strategies
for syllogistic tasks can not be attributed to any specific
reasoning process (i.e., it may also be explicitly learned
rules, knowledge about the tasks, etc), those that are
best described by pure first-order logic in the first ses-
sion were excluded for the evaluation of second session
(n =15).

Second, we analyze the resulting sequences of actions
of the respective generated process models. For those,
we assess if they capture the findings by Dames et al.
(2022): An improved performance was reported in the
retest, but mostly for valid syllogisms. Dames et al.
(2022) propose two explanations for this: first, it can be
due an increased usage of simple heuristics like the At-
mosphere theory (Woodworth & Sells, 1935), which do
benefit valid but not invalid syllogisms. This especially
showed in increased O-responses (“some... not”) in the
second session. Second, aversions to NVC (e.g., by in-
terpreting it as “giving up”; see also Ragni et al., 2019)
may have caused participants to find efficient strategies
for non-NVC responses, but not for the invalid syllo-
gisms that require NVC. Put together, we expect to find
an increase in heuristics like the Atmosphere theory, and
a decrease in mechanisms to derive NVC. Especially the
O-Heuristic as well as Max-Heuristics of PHM would be
in line with the proposed explanation.

Finally, we investigate the relation between the iden-
tified processes and the performance in the other reason-
ing tasks. Here, especially CRT and Raven performance
were found to be related to syllogistic reasoning perfor-
mance. Conditional reasoning, on the other hand, was
found to correlate with syllogistic reasoning performance
by Brand and Ragni, 2025. For this, we use the k-means

clustering (k = 2) on the configurations of the process
model pipeline (see Figure 1) identified for each individ-
ual participant to find two centroids (i.e., two prototyp-
ical process models). The assignments of participants to
the respective centroids are then related to the respective
scores in the other reasoning tasks. For this analysis, we
use the data of the first syllogistic task session in order
to assess the transferability of other reasoning domains
to the initial reasoning behavior in syllogistic reasoning
(rather than learning effects). All materials and analysis
scripts are available publicly!.

In order to investigate whether the relation of pro-
cesses to performance can be disentangled further, we
used a linear regression model, applied to the data of
the first session.. Our initial set of predictors was com-
prised of all processes and performance on the syllogistic
reasoning tasks, with an aim to predict CRT, Raven and
conditional reasoning performance. We included syllo-
gistic reasoning performance as a control variable to see
whether the processes add predictive performance be-
yond the correlation between raw performance scores.
Since the design matrix we obtained exhibited multi-
collinearity between the features, we used a linear re-
gression with both ¢! and ¢? penalty (ElasticNet) for
regularization and feature selection. For the selected co-
efficients, we calculated variance inflation factors (VIF)
to measure the remaining multicollinearity and removed
process variables with high VIF. After this feature selec-
tion step, we ran (unregularized) ordinary least squares
regression with the selected features onto the target fea-
tures. The results were compared to a baseline model
that only used syllogistic correctness as a predictor. The
regularization parameters were selected via leave-one-out
cross-validation.

Results

When fitting our method to the participants of both ses-
sions, we obtained individual process models for each in-
dividual participant. The models’ accuracies are shown
in Figure 2, where it becomes apparent that our method
was able to find configurations of the pipeline that are
better able to account for the observed reasoning behav-
ior than state-of-the-art cognitive models on their own.
This indicates that none of the individual cognitive mod-
els currently is an optimal account, despite TransSet be-
ing relatively close to the performance of the generated
process models (62.4 vs 59.4 for the initial syllogistic task
session and 63.3 vs 61.9 for the retest session, respec-
tively). Both models thereby surpass the most frequent
answer (MFA; 55.2 and 56.7, respectively) in both ses-
sions, indicating that they successfully capture at least
some individual traits.

"https://github.com/brand-d /iccm-2026-
autoprocessmodels
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Figure 3: The two clusters found by the k-means algo-
rithm, represented as rows in the heatmap. Both cen-
troids correspond to configurations for the pipeline (see
Figure 1). Darker shades denote higher values.

Process Model Analysis

Figure 1 shows the proportion of the actions being se-
lected for both sessions (S1/S2). Note that an action
for both quantifier and direction always needs to be se-
lected, while a conversion action is not mandatory. Fur-
thermore, the remaining stages can have none, one or
multiple actions selected. An interesting finding to note
for both sessions is that participants adhered strongly
to the Figure Effect as their final decision step (i.e., by
having to select a single response), but not as the initial
direction method.

Overall, the changes between the two sessions are sub-
tle, with some of the more notable ones being an overall
decrease of NVC rules and conclusion tests, a further
shift towards the Atmosphere theory for quantifiers and
a reduction of extensions overall. Those results are con-
firming the findings of Dames et al. (2022) on a pro-
cess level: There seems to be a refinement of the NVC
strategies, reducing errors caused by responding NVC
to a valid syllogism. Thereby, the proposed increase in
heuristics (e.g., Atmosphere) can be supported by our
method. However, given the accuracy of around 60—65%
accuracy of our method, it is important to note that such
subtle differences have to be treated with caution. The
overall change in performance between sessions in the
data set is about 2.6%, which is hard to grasp reliably
on the level of response behavior.

Table 1: Rank biserial correlation of the participants’
performance in reasoning tasks to their assignment to
one of the two clusters in Figure 3. Positive effect sizes
denote a correlation with the second (lower) centroid.
All p-values are corrected using the Bonferroni-Holm-
correction and significance is marked by an asterisk.

Task U Trb P
Conditionals* 466.5 473 < .001
CORSI* 528.5 .402 .005
CRT* 617.0 .302 .040
Operation Span 784.0 .114 .388
Raven* 447.5 494 < .001
Syllog Correct* 308.5 .651 < .001

Relation to other tasks

We clustered the individual process models (i.e., the se-
lected actions in the pipeline) into two clusters using
k-means clustering of the first session. The resulting
centroids are shown in Figure 3. It becomes apparent
that, indeed, little differences between participants ex-
ist with respect to their NVC processes. This is sur-
prising, since NVC is reported to be one of the main
inter-individual differences (e.g., Brand & Ragni, 2025;
Ragni et al., 2019) and also was identified as one of the
major factors, as well as an effect of feedback, leading
to improved performance (e.g., Brand et al., 2022) with
participants usually giving too few NVC responses in
the beginning. It is, however, consistent with the re-
ported results by Dames et al. (2022), where NVC re-
sponses were already consistently given in the first ses-
sion, thereby indicating that NVC processes seem to be
present across participants. On the other hand, main
differences show in the quantifier selection (Matching vs.
Atmosphere), and the utilization of Extensions like Grice
and p-Entailment. Finally, more mixed preference/filter
processes are present in the first of the clusters, whereas



the second cluster distinctively uses the Figure Effect
only. Given the more distinct processes of the second
cluster, and the presence of the logically not warranted
Grice extension in the first cluster, we assume that the
second cluster corresponds to participants with higher
overall reasoning performance.

Table 1 shows the correlation between the cluster as-
signments and performance in the other reasoning tasks.
Indeed, it shows that there was a significant correlation
between an assignment to the second cluster and perfor-
mance in conditional reasoning (r,, = .473, p < .001),
the CORSI block tapping task (r, = .402, p = .005),
the cognitive reflection test (CRT; r.p = .302, p = .04)
and the Raven test (r., = .494, p < .001). However,
when taking the syllogistic correctness itself into account
(rqp = 651, p < .001), it becomes apparent that the
findings most likely simply reflect the respective correct-
ness, which has the strongest relation to the respective
process model configuration. This in line with findings
by Brand and Ragni (2025), in which results between
reasoning domains were transferable, but barely beyond
the level of performance/correctness.

Regression Analysis

Considering the regression analysis, it is important to
note that p-values and performance measures such as
R? may be too optimistic due to the effect of the pre-
liminary feature selection procedure. Thus, the results
should be interpreted in a purely descriptive manner.
The regression analysis was carried out to investigate
the relationship of syllogistic reasoning performance and
the identified processes on performance on other reason-
ing tasks such as conditional reasoning, CRT and Raven
intelligence test. For the conditional score (R? = 0.374)
and CRT score (R? = 0.161), we found no signifi-
cant effects beyond correctness. However, regarding the
Raven score, we observed that the R? almost doubled
compared to the baseline model (R%, = 0.412 ver-
sus RZ, . = 0.211). Moreover, of the 10 selected pro-
cesses, we found significant effects for the Grice impli-
cature (8 = —0.13,p = 0.012) and Matching heuristic
(8 =0.19,p = 0.004) in addition to a significant effect of
syllogistic correctness (8 = 0.33,p = 0.012). In connec-
tion with the clustering analysis, this suggests that use of
Grice implicature both distinguishes reasoners and may
have some relation to performance.

Discussion

Our method was able to account well for the observed
behavior of individuals, as apparent by surpassing the
accuracy of relying on the most frequent answer as well
as state-of-the-art cognitive models for syllogistic reason-
ing. We believe that the utility of our approach lies in its
ability to map the large space of possible reasoning pat-
terns onto a more manageable space of theory-derived
cognitive processes. This allows cognitive scientists to

study individual differences in reasoning in terms of pro-
cesses, instead of relying on statistical relationships only.
To this end, we could support the central findings by
Dames et al. (2022), finding the subtle differences be-
tween both experimental sessions (initial test and retest)
reflecting in the processes. As hypothesized by Dames
et al. (2022), we indeed found an increase in the At-
mosphere theory as well as the decline of the Gricean
implicature extension, which can be understood as a re-
finement of strategies and explain the reported improved
performance on valid syllogism.

For our clustering analysis on the selected processes
we split participants into two groups. The resulting two
groups coincided with lower and higher reasoning perfor-
mance well, indicating that it was the main factor behind
the inter-individual differences. This is supported by the
significant correlations between the clusters with other
reasoning tasks. With this, the analysis supports find-
ings by Brand and Ragni (2025), who reported that a
general reasoning ability that is transferable across do-
mains indeed appears to be present, but that the infor-
mation obtained from related domains is often limited
to a split in “correct” and “incorrect”.

Of note is the role played by the Gricean implicature
in the lower performing cluster, suggesting that its use
could be avoided by participants with higher reasoning
ability who identify the potential fallacy. This is also
reflected in our regression analysis of the Raven score
onto the underlying processes, where it also was one of
the only related processes.

We agree with Fugard and Stenning (2013) that pro-
cess modeling should remain integral for cognitive mod-
eling of reasoning and argue that our method has shown
to be a useful tool to gain additional insights into ob-
served reasoning patterns on the level of processes. As
such, it can be an addition to a modelers toolkit, stream-
lining analyses with process models, extending and im-
proving them, easing the transition to modeling individ-
ual reasoning behavior, and facilitating the transfer of
findings between different theories and models. Thereby,
it can be one step towards bringing process modeling
back to the heart of modeling human reasoning.
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