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Abstract

AI models are often developed to solve reasoning problems op-
timally. In contrast, cognitive models focus on explaining and
predicting replicative cognitive patterns of human information
processing. And while many of the theories aim to explain
an assumed ‘general’ human reasoner, only few are aimed at
the individual. This paper addresses the challenge of the lat-
ter by investigating the automatic generation of individualised
predictive algorithms using transformer-based models. These
models which have been trained on huge amounts of human
data, potentially exhibit built-in cognitive patterns. Leverag-
ing such characteristics and architecture of transformer-based
models, we outline a generalized methodology for establishing
a human-AI collaborative framework, to generate explainable
and reproducible algorithms with cross-domain applicability.
While predictive accuracy and generalizability pose less of a
problem, the bigger challenges in using machine learning ap-
proaches or transformer-based models may be explainability
and replicability. Hence, instead of ‘just’ using such a model
for directly fitting the data, we use it to extract features and
to propose cognitive algorithms that are executable in systems
outside of the model. Using two datasets pertaining to syl-
logistic and spatial reasoning, the predictive algorithms thus
generated applying the presented framework, achieve mean ac-
curacies of 68% and 81%, respectively. Both algorithms out-
perform other established, state-of-the-art cognitive models by
far, surpassing the (previously) best state-of-the art models in
syllogistic and spatial human reasoning by 19% and 13%, re-
spectively.
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Syllogistic Reasoning; Spatial Reasoning; Predictive Models

Introduction
Cognitive science is built on the idea of developing algo-
rithms that can predict and explain human behaviour. And
human behaviour systematically deviates from normative ac-
counts such as formal logic or probability theory. Consider
the following premises: Some A are B, some B are C. The
conclusion some A are C may seem intuitive and is indeed
frequently selected by participants in experiments (Khemlani
& Johnson-Laird, 2012). However, it is logically invalid be-
cause counterexamples are possible and consequently, an al-
gorithm built on the principles of logic would not derive a
deviating human conclusion.

In the domain of syllogistic reasoning alone more than
eleven theories have been developed (for an overview see
(Khemlani & Johnson-Laird, 2012)). One prominent heuris-
tic theory is the Atmosphere Theory (AT) (Woodworth &
Sells, 1935). It proposes that reasoning with syllogisms is

dependent on an “atmosphere” created by the premises. For
e.g., it proposes that premises having universal affirmative
qualifiers, such as “All A are B, All B are C”, create a pre-
disposition towards an All-qualified conclusion, and other
such heuristics. The Probability Heuristics Model (PHM) as-
sumes that the informativity of the qualifier plays a role. The
Mental Models Theory (MMT) and its implementation the
mReasoner, assumes that human reasoners construct analo-
gous “model-like” semantic representations. Which conclu-
sions follow from the reasoning episode may be determined
by inspecting these models. And errors in reasoning can oc-
cur when individuals fail to consider all possible models. The
model mReasoner also contains additional parameters that
control model size, stochasticity etc. Aside this, there are
also works such as (Tessler, Tenenbaum, & Goodman, 2022)
which argue that human syllogistic reasoning is best under-
stood as some rational probabilistic inference, influenced by
the pragmatics of the context.

Generally, cognitive models for human reasoning have
been developed using a “one-size-fits-all” approach, i.e., a
single “static” model that does not account for individual
differences. While some approaches have aimed to iden-
tify group differences, e.g., (Khemlani & Johnson-Laird,
2016), even fewer have analysed individual behaviour, e.g.,
(Riesterer, Brand, & Ragni, 2020). Although these models
achieve approximately 80% accuracy on average (Khemlani
& Johnson-Laird, 2012), their performance drops to less
than 40% for individual cases as discussed in Riesterer et al.
(2020).

The overall aim, however, has always been to understand
and model the individual reasoner. In cognitive science, this
has sometimes been approached as a parameter problem (e.g.,
like in mReasoner), but what makes modelling human rea-
soning challenging is that there can be a diverse range of
cognitive representations and reasoning approaches, such as
heuristic or model-based approaches (Khemlani & Johnson-
Laird, 2012). Another problem is that implementable algo-
rithms might not capture individual differences comprehen-
sively – a need that was identified early on (Stenning & Cox,
2006; Fugard & Stenning, 2013). Hence, what is needed is
a methodology to tailor cognitive models to individual users
and explain their underlying reasoning patterns.

With the advent of large language models (LLMs)
(Vaswani et al., 2017) comparison of human reasoning with
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that simulated by LLMs has gained interest (Eisape et al.,
2024). Generally LLMs aim to generate contextually appro-
priate text that may be indistinguishable from human gener-
ated text, serving as a kind of a Turing test (Johnson-Laird &
Ragni, 2023). But LLMS have demonstrated further capabil-
ities, for e.g., PaLM 2 seems to surpass human performance
in logical inference tasks (Eisape et al., 2024), Llama 3 has
demonstrated strong performance in common-sense reason-
ing tasks (Krause & Stolzenburg, 2024) – a domain in the
forte of humans. LLMs also apparently exhibit inherent cog-
nitive biases (Eisape et al., 2024; Yax, Anlló, & Palminteri,
2024) – which indicates implicitly “built-in” cognitive pat-
terns – although this also necessitates better benchmarks (Wu
et al., 2023). Given such motivations the question that we
now pose is the following: can transformer-based models be
effectively used to predict future reasoning patterns of an in-
dividual based on their past data? We propose that it is in-
deed possible to have human-AI collaborative frameworks
with transformer-based models to generate predictive cogni-
tive algorithms adapted to suit individualized reasoning pro-
cesses. This is based on the notion that prompting provides
the scope to generate, test and refine the predictive quality of
the resulting model, in a transparent and explainable manner.

In the following, we outline a general protocol for estab-
lishing a human-AI collaborative framework to generate pre-
dictive algorithms using transformer-based models. We then
report our results, applying this protocol to develop algo-
rithms that predict individual reasoning in syllogistic and spa-
tial tasks – two well-studied domains in cognitive science. Fi-
nally, we present details of the resulting predictive model and
compare it to state-of-the-art cognitive models.

Properties of good cognitive models, Testing
Framework, and Benchmarks

Many experimental findings demonstrate a variety of reason-
ing patterns, i.e., rational “logical” processes, biases (e.g., the
belief bias), and heuristics. This shows that a general cog-
nitive model fitting the average reasoner may often fail to
capture the variety of individual reasoning strategies. And
it implies a fundamental challenge and our research question:
how can we accurately predict an individual’s reasoning pro-
cess based on their past inferences? Addressing this chal-
lenge requires a methodology capable of automatically gener-
ating personalized cognitive models. However, building such
models entails prescribing clear criteria for what constitutes
a “good” cognitive model. Among the many, we consider the
following to be important:

1. Predictive accuracy when predicting an individual’s re-
sponse pattern, and the flexibility to adapt to new data or
potential changes in reasoning patterns over time.

2. Explainability of the underlying processes.

3. Replicability and consistency in predictions when applied
to the same data.

4. Generalizability of the methods across domains.

These features can create challenges to using machine learn-
ing approaches and especially LLMs. While predictive accu-
racy and generalizability pose less of a problem, explainabil-
ity and replicability are greater challenges. Hence, instead
of ‘just’ using an LLM directly for fitting the data, we use
them to extract features and to automatically generate cog-
nitive algorithms that can be executed outside of the LLMs.
To address the current goals, we use datasets from syllogistic
and spatial reasoning.

Dataset Description - Syllogistic Reasoning We used the
data set introduced by (Ragni, Dames, Brand, & Riesterer,
2019),1 that was collected through an Amazon Mechanical
Turk web experiment in 2016 and has also been used by sev-
eral other researchers (Wu et al., 2023; Eisape et al., 2024;
Tessler et al., 2022). It contains the details of 139 partici-
pants who solved a set of 64 syllogistic problems (compris-
ing qualifiers: All (A), No (E), Some (I), Some-not (O)), in-
cluding their choice of response. The fields in the dataset
are the following: individual id: unique identifier for each
individual; problem id: unique identifier for each syllogistic
problem; premises: a pair of syllogistic premises, delimited
using ’/’, e.g., “All bakers are chefs/Some doctors are chefs”;
choices: a list of nine possible choices of conclusions, includ-
ing “NVC” (no valid conclusion), delimited using ’|’; individ-
ual response: conclusion selected by an individual.

Dataset Description - Spatial Reasoning For spatial rea-
soning, we used the dataset introduced by (Ragni, Brand, &
Riesterer, 2021).1 It contains the details of 49 participants
who solved a set of 64 spatial relational problems, includ-
ing their response, to eight given choices of conclusions per
problem. While the original dataset consists of many fields,
we cleaned it of extraneous details and formatted it. The fol-
lowing are the resultant fields: individual id: unique identi-
fier for each individual; problem id: unique identifier for each
spatial problem; premises: a pair of premises, delimited using
’/’, which specify the location of three entities with respect to
one another, e.g., “the mall is south of the park/the park is
west of the bridge”; task: it asks for the directional relation
of the third entity with respect to the first, e.g., “the bridge is

of the mall”; choices: a list of eight choices of conclu-
sions, delimited by ’|’, such as: “the bridge is north-east of
the mall|the bridge is east of the mall|. . . ” – each choice per-
tains to a cardinal direction; individual response: the choice
of response of the individual.

Automatic Generation of Cognitive Models
We now provide a general protocol (in collaboration with
ChatGPT) to evaluate and utilize a transformer-based model’s
ability to predict an individual’s responses to reasoning prob-
lems based on their previous responses (problems pertaining
to a certain domain of human reasoning). The model’s task

1GitHub link: https://github.com/CognitiveComputationLab/ccobra/
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Table 1: Comparison table depicting features of various state-of-the-art cognitive models that predict syllogistic and spatial
relational reasoning, including the presented transformer-based model CMA-TM (using ChatGPT o1-mini).

State-of-Art Models for Syllogistic Reasoning State-of-Art Models for Spatial Reasoning

Atmosphere Theory (AT) (Woodworth & Sells, 1935):
1. Premises set atmosphere for conclusions (as TransSet)
2. Ordering independence of premise qualifiers

Most-Frequent Answer (MFA) Empirical baseline
measure: Returns the most frequent response from
the training set

PHM (Oaksford & Chater, 2007):
1. Fixed order of informativeness for qualifiers (A>I>E≫O)
2. Conclusion type based on heuristics (e.g., max, min, etc.)

Transitive Closure: A logic-based mechanism:
1. Uses rules such as transitive inferences
2. Determines membership of conclusion in closure
of inferred spatial relations

TransSet (Brand, Riesterer, & Ragni, 2022):
1. Uses a two-phase process: direction and quantifier selection
2. Infers direction from term order and transitive paths in figures
3. Quantifiers are combined heuristically to derive a conclusion
4. Returns “NVC” if transitivity fails or specific rules (e.g.,
negativity, particularity) apply

PRISM (Ragni & Knauff, 2013):
1. Builds a preferred model in a spatial array
2. Draws inferences by model construction/variation
3. Variation applies minimal changes
4. Reasoning difficulty depends on focus operations

mReasoner (MMT) (Khemlani & Johnson-Laird, 2016):
1. Uses heuristics and strategies to construct mental models
2. Generation of weaker conclusions on falsification of initial
conclusions and exploration of other mental models
3. Utilizes parameters for mental model representations (e.g., ω)

Verbal (Krumnack, Bucher, Nejasmic, & Knauff,
2010): 1. “Mental queue” representing objects
2. Directional encodings and operations
3. Conclusions based on relations in mental queue

CMA-TM: 1. Maps premise-pair qualifiers to conclusion
qualifiers while tracking frequency
2. Ordering independence during training data mapping (cp. AT)
3. Selection of most common conclusion types
4. Fallback, e.g., conclusion type with highest bias in training

CMA-TM: 1. Geometric generation of all possible
directions via grid-based (vector) sampling
2. Grouping pairs of directional relations in
premises using sets of resulting possible directions
3. Also uses direction with most bias in a group

is to analyse the data for underlying cognitive patterns and
features (if a sample dataset is available), and generate a pre-
dictive algorithm with aspects suitable for the goal.

Figure 1: General Protocol for the automatic generation of
predictive algorithms using transformer-based models.

In the following, we briefly outline the steps of the itera-
tive and collaborative process which begins with prompting

the transformer-based model. This involves providing the
model with an adequate description of the prediction task,
along with a description of any available data, such as the
fields of the dataset. A sample individual dataset with train-
ing and test problems that adheres to the model’s input con-
straints – e.g., size, format etc. may also be provided to the
model.2 The transformer-based model then returns a code in
the specified programming language, and an explanation for
its choice of algorithm. This can be followed by an iterative
cycle of feedback and code improvement, including providing
pre-processed data, example-based prompts or a local data
analysis for verification of the algorithm’s features.

Following the above, a local test of the generated code
is performed (after one or more iterations), in which case:
errors, if any, are prompted back to the transformer-based
model which then generates an alternate code. In the event of
predictions with a single qualifier overfitting the data, this is
prompted back to the model, for e.g., if predictions for all syl-
logistic tasks are NVC, or bear the same qualifier like “All”.
Finally, the predictions are locally compared with the actual
responses of the individuals and the accuracy of the algorithm

2The prompts are available via the OSF link:
https://osf.io/6swjp/
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is calculated. Depending on the accuracy, the transformer
model is either (re)prompted to keep looking for cognitive
patterns in the provided dataset, adopt alternative strategies
etc., or the algorithm is finalised. And a suitable prompt may
be reconstructed which can help reproduce the generated al-
gorithm in the future, across other transformer-based models.
Figure 1 illustrates the steps of the above generalised strategy.

The process is susceptible to some problems, such as parts
of the generated algorithm deviating from the instructions
provided in the prompt and its goal. Potential workarounds
may be human code reviews, usage of descriptive comments,
appropriate variable names, prompting with higher level of
detail to prevent any misinterpretations, or adjusting temper-
ature, etc.

Evaluation
We followed the generalised protocol outlined above to assess
the generation of predictive algorithms using transformer-
based models. We used the earlier presented syllogistic and
spatial reasoning datasets and selected ChatGPT models o1-
mini and o1 (at the time of writing this paper) for the purpose.
We have discussed the particulars of the process which varies
with the distinct nature of each domain, below. In both cases
however, the data of each individual is split such that 5/8th of
the data, i.e., the first 40 problems (selected sequentially), are
fed to the algorithm as training data. And 3/8th of the data,
i.e., the remaining 24 problems, constitute test problems that
the algorithm is required to predict. Finally, the accuracy of
the predictions is evaluated. For brevity, we henceforth refer
to this model as CMA-TM (Cognitive Model Augmentation
with Transformer-based Models).

Syllogistic Predictive Algorithm
Prompt As stated in the protocol, the development of a
prompt capable of producing consistent and reproducible re-
sults with transformer-based models is iterative. We started
the process with ChatGPT o1-mini, using base prompts,
which involved providing the model with a sample individual
dataset, description of the intended goal, and instructions like
developing a cognitive profile of the individual, looking for
observable biases for certain conclusion types, logical con-
sistency etc. We also added some extra fields to the origi-
nal dataset, such as: general form, which comprised the gen-
eralised structure of the pair of premises, and term format,
which comprised the figure (1-4) of the syllogistic problem.

Features in Algorithm The algorithm generated to predict
individuals performing syllogistic reasoning has been illus-
trated in Algorithm 1. Based on our analysis and query to
ChatGPT o1-mini, the algorithm comprises several primary
features highlighted in various steps. In the training phase
each pair of qualifiers extracted from the premises in the
training data is mapped to the qualifier types of their con-
clusions, while keeping track of the most commonly or fre-
quently mapped conclusion types (steps 3 and 4). The most

Algorithm 1 Predictive Algorithm for Individual Responses
to Syllogistic Problems (by ChatGPT o1-mini – Abstracted)
Input: CSV dataset with columns: individual id, problem id,
premises, general form, term format, choices, response
Output: CSV file containing predicted responses with fields:
individual id, problem id, predicted response.
Steps:

1: For all problems, classify the type (A, E, I, O, NVC, Un-
known) of each premise and conclusion based on key-
words like “all”, “no”, “some”, and “not”.

2: Divide each individual data into training and test sets.
3: In training, create order-independent mapping from

premise-pair types to the conclusion types.
4: For training premise-pair types, identify the conclusion

type(s) with the highest frequency (multiple possible).
5: function process syllogistic reasoning(Data Frame)
6: For test problems, classify premise types and retrieve the

most common conclusion types from training mapping.
7: If premises are unseen, default to NVC.
8: function select conclusion(predicted qualifier type,

choices, term format, premises, training bias):
9: For each individual, select conclusion(s) from choices

based on predicted type(s), applying fallback on type
with (highest) training bias when necessary.

10: Save the predictions in a CSV file.

common conclusion types in turn qualify as the predicted
conclusion types, for test data having similar qualifier pairs
(step 6) – it is possible to have multiple qualifiers that have
the highest frequency. Moreover, the training mapping of
premise qualifiers is independent of their ordering (step 3).
For e.g., All/Some is treated the same as Some/All. This ap-
proach allows the model to recognize that the logical impact
of the premises remains the same regardless of their sequence.
Some fallback measures are also used, e.g., choosing the con-
clusion type with highest training bias if the predicted con-
clusion type does not match available choices, or predicting
NVC if test premise-pair types are unseen in training (steps 7
and 9).

Performance The CMA-TM Algorithm 1, achieves a mean
prediction accuracy of 68% – the highest among state-of-the-
art cognitive models for syllogistic reasoning – with maxi-
mum accuracy of 96% for some individuals. The graph in
Figure 2 visualises the distribution of the predictions made
by the model for 50 individuals, in comparison with the other
cognitive models, such as PHM, mReasoner etc. The CMA-
TM model achieves the highest performance with 68%, fol-
lowed by TransSet at 49%. The AT model reaches 46%, while
both MMT and PHM perform similarly at 45%. The model
randomly selecting a response (uniform distribution) has the
lowest accuracy of 12%. Table 2 illustrates the mean ac-
curacies across the various models. Table 1 illustrates fea-
tures characterizing each. The predictive syllogistic algo-
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Figure 2: Performance comparison of CMA-TM with state-
of-the-art cognitive models for Syllogistic reasoning.

Table 2: Mean Accuracy Percentage of CMA-TM and other
state-of-the-art cognitive models. We use the following no-
tations: AT: Atmosphere Theory; MMT: mReasoner; PHM:
Probability Heuristics Model; Uni: Uniform.

CMA-TM TransSet AT MMT PHM Uni

68% 49% 46% 45% 45% 12%

rithm takes a heuristic based approach (like AT, PHM, Trans-
Set etc.) with the qualification that it is based on heuristics
that vary across individuals, albeit the search space depending
on the training data. For e.g., AT predicts that premise quali-
fiers of types OO and EE, induce response types O and E, re-
spectively. However, analysing individual datasets shows that
individual 30 uses a heuristic where both premise types OO
and EE are commonly mapped to response type I. The pre-
dictive accuracy of the AT for this individual is 71%, while
CMA-TM reaches 83%.

Spatial Predictive Algorithm
Prompt As with the syllogistic algorithm, in this case too
the prompt was developed iteratively. During the iterations
we pre-processed the data by grouping the direction-pair ex-
tracted from the premise-pair of each problem id. The group-
ing was done based on the sets of directions logically possi-
ble between the entities in the task field of the problem. For
e.g., the direction pairs North-East/East and East/North ex-
tracted from two premise-pairs belong to the same group, as
the logically possible direction for the task in both cases is
South-West. After grouping, the data was then supplemented
to the model in successive prompts.

Features in Algorithm The algorithm generated to predict
individuals performing spatial reasoning has been illustrated
in Algorithm 2. The task field could be left out of the input
dataset as it was redundant in the final algorithm, given the

choices field. Based on our analysis and query to ChatGPT
o1-mini, the algorithm comprises several primary features:
the direction pairs from the premises of each problem are first
extracted. Then, using vector logic, the set of all logically
possible directions that can be inferred between the entities
in the corresponding task field is computed (step 3). And the
direction pairs from all premises are grouped based on the
aggregated set of logical possibilities (steps 4 and 5). During
training, the direction-pair extracted from each premise-pair
is matched against the groups, assigning the direction of the
corresponding conclusion to the matching group, while also
maintaining a frequency count (step 6). This serves the pur-
pose of tracking the inferred (conclusive) directions with the
highest bias within a group, leveraging patterns in the train-
ing set. Finally the algorithm extracts the direction-pair from
the test premises, identifies its matching group, and uses the
inferred direction with the most bias in the group, and the ag-
gregated set of possible directions as the prediction (step 7).

Algorithm 2 Predictive Algorithm for Individual Responses
to Spatial Problems (by ChatGPT o1-mini – Abstracted)
Input: CSV dataset with columns: individual id, problem id,
premises, choices, individual response
Output: CSV file containing predicted responses with fields:
individual id, problem id, predicted responses.
Steps:

1: Load the CSV file, grouping rows by individual ID.
2: Divide each individual data into training and test sets.
3: For each problem, use vector logic to compute all logi-

cally possible directions for the conclusion.
4: Group all premise-pair directions, based on sets of all

logically possible directions for conclusion.
5: Also maintain an aggregate mapping of the groups to the

set of logically possible directions.
6: For each training problem, identify group for extracted

premise-pair directions, and assign its conclusion direc-
tion to the group, while keeping count of frequency.

7: For each test problem, identify its group and merge the
aggregated possible directions for that group with the
most frequent training directions for the same.

8: Save the final predicted responses to a CSV file.

Performance The CMA-TM Algorithm 2, achieves a mean
prediction accuracy of 81%, which is the highest among state-
of-the-art cognitive models for spatial relational reasoning,
with maximum accuracy of 100% for some individuals. The
graph in Figure 3 visualises the distribution of the predic-
tions made by CMA-TM for 49 individuals, in comparison
with other cognitive models, such as PRISM, Verbal Reason-
ing etc. The CMA-TM model achieves the highest perfor-
mance at 81%, followed by Verbal with 68%. Both PRISM
and MFA perform similarly at 67%, while TC reaches 42%.
The Random model shows the lowest performance, achieving
only 11%. Table 3 illustrates the mean accuracies across the
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Figure 3: Performance comparison of CMA-TM with state-
of-the-art cognitive models for Spatial reasoning.

various models. Features characterising each model can be
found in Table 1.

Table 3: Mean Accuracy Percentage of CMA-TM and other
state-of-the-art cognitive models. We use the abbreviations:
MFA: Most-Frequent Answer; TC: Transitive Closure.

CMA-TM Verbal PRISM MFA TC Random

81% 68% 67% 67% 42% 11%

Upper limits - Replicability across LLMs
To ensure that the protocol presented in this paper is gener-
alizable across LLMs, we conducted tests with CoPilot Pro
and Gemini 1.5 Pro. It was possible to regenerate the pre-
dictive algorithms using both models, albeit with some (mi-
nor) limitations. CoPilot Pro currently has a size constraint
(10240 characters) for input prompts. While the prompt for
the syllogistic algorithm was within the range, the prompt for
the spatial algorithm had to be divided between two prompt
iterations. In case of Gemini 1.5 Pro, the algorithms gener-
ated for both prompts had some code-completion issues, e.g.,
incomplete declaration of lists. However, with these issues
fixed locally, the resulting codes produced the expected out-
puts. When testing the prompt with Gemini 2.0 Flash, the
model failed to generate the entire algorithm.

General Discussion
Cognitive modelling for individuals can be a challenge due
to the variety of reasoning patterns, biases, interpretations
etc., in a population. Most traditional cognitive theories of-
ten adopt a “one-size-fits-all” approach that fails to account
for such diversity at the individual-level. In comparison, only
some models provide cognitive modelling for the individual
(e.g., mReasoner, TransSet, MFA, Verbal etc.; see Table 1).
The goals of this paper are thus two-fold: to build cognitive

algorithms that can be used to predict an individual instead of
being limited to an average reasoner, and importantly, to auto-
matically generate such algorithms in a collaborative setting
using transformer-based models. Training with a vast amount
of human data, and various parameters used in the process,
make LLMs potentially powerful models that can build upon
implicitly learned reasoning patterns and biases.

To that end, we present a general methodological approach
that can be applied across various reasoning domains, to eval-
uate and harness a transformer-based model’s ability to gener-
ate algorithms capable of predicting individuals. The outlined
approach leads us to what we call the CMA-TM model, using
ChatGPT o1-mini and o1. We evaluate the model against two
diverse domains of reasoning – syllogistic and spatial. The
predictive and explainable algorithms generated by CMA-
TM outperform the existing state-of-the-art cognitive mod-
els by far. The syllogistic predictive algorithm achieves an
accuracy of 68%, showing an improvement of 19% over the
model TransSet, which has an accuracy of 49%, (previously)
the highest among the existing syllogistic models. The spa-
tial predictive algorithm achieves an accuracy of 81%, show-
ing an improvement of 13% over the model Verbal Rea-
soner, which has an accuracy of 68%, (previously) the highest
among the existing spatial models.

Both CMA-TM algorithms are largely heuristics-based,
rather than using statistical or machine learning models to
make predictions. The predictive syllogistic algorithm trains
using order-independent mapping between premise-types and
conclusion-types. For a test problem, it uses the most com-
mon conclusion types learned from the training mapping for
its predictions. The algorithm could potentially be adapted to
include a wider range of predictions through adjustments to
the minimum frequency threshold. The predictive spatial al-
gorithm applies geometric reasoning on directional relations
in premises, to derive logically possible directional relation-
ships for the conclusion; groups them accordingly, and tracks
the direction with highest training bias in each group, to arrive
at its predictions.

Reproducibility of the presented syllogistic and spatial pre-
dictive algorithms using the respective prompts was success-
fully validated in the GPT playground (using multiple GPT
models like 4o-mini and 4.1-mini), at temperature 0. The
structure of the presented protocol used to generate these al-
gorithms can also be used to generate other such explainable
and replicable predictive algorithms using transformer-based
models in different domains of cognitive science, including
decision making. It combines analysis of experimental data
and the framework of transformer-based models to boost cog-
nitive modelling for human reasoning, and helps to address
the greatest challenge in cognitive modelling of the individ-
ual, namely the need for a specific model for each individual.
Future work will investigate how ensemble models and more
hybrid AI-cognitive approaches can be used to reach the up-
per empirical limits (Riesterer et al., 2020).
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