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Abstract

Thurstone models have been widely applied in wisdom-of-
the-crowd applications to aggregate individual rankings due
to their ability to represent individual knowledge and achieve
high accuracy. However, they lack the ability to generalize
even across highly similar items and cannot leverage external
knowledge bases or learned machine representations. In this
work, we extend Thurstone models for partial ranking data by
introducing a latent construct that maps pretrained vector rep-
resentations to latent truths. These representations are fine-
tuned through a single neural network layer, enhancing the
model’s ability to capture meaningful ranking structures. We
evaluate our neural Thurstone model across objective ranking
tasks, including animal speeds, material hardness, and the lon-
gitudinal positioning of U.S. states from west to east. Our re-
sults demonstrate that the extended model improves aggrega-
tion accuracy in sparse data settings and generalizes to novel
items with moderate predictive accuracy, highlighting its po-
tential to enhance collective intelligence in ranking-based in-
ference.

Keywords: Wisdom of the crowd; Bayesian neural networks;
Thurstone model; Ranking prediction

Introduction
Collective intelligence refers to decision-making processes
that harness the collective opinions of multiple individuals,
often resulting in higher-quality decisions than those made by
a single person. This phenomenon, commonly known as the
wisdom of the crowd, relies on various modes of expressing
knowledge, preferences, and judgments (Surowiecki, 2005;
Wallsten and Budescu, 1983). These modes include rat-
ings, rankings, pairwise comparisons, and open-ended de-
scriptions. Among these, ranking is particularly effective for
organizing information and articulating preferences.

Rankings have been widely utilized across various fields,
serving purposes in both social science and machine learn-
ing. In social sciences, ranking data is often employed to
aggregate and analyze people’s preferences, offering insights
into collective decision-making, societal values, and group
dynamics (Cohen et al., 1997; Cook and Seiford, 1978; Sühr
et al., 2021). In machine learning, ranking plays an important
role in applications such as search engines, where algorithms
prioritize and rank search results based on relevance (Su et
al., 2014), and in the development of recommendation sys-
tems, such as those used by streaming platforms to rank and
suggest content based on user preferences (Karatzoglou et al.,
2013).

Thurstone models have been extensively utilized to harness
collective intelligence across various domains, including ag-
gregating factual knowledge (Lee et al., 2014), generating
predictions (Selker et al., 2017), and modeling preferences
(Lee and Ke, 2022). These models offer a probabilistic frame-
work for analyzing the cognitive processes underlying human
judgments, allowing for the extraction of latent orders from
ranking data and facilitating the inference of preferences, ex-
pertise, and knowledge (Lee et al., 2012; Steyvers et al., 2009;
Thurstone, 1994).

Many applications of Thurstone models in these domains
rely on observed item rankings. While extensions of these
models have been developed to accommodate partial rank-
ings (Montgomery et al., 2024), they still depend on at least
one observed ranking for each item. Consequently, the lack
of generalizability to unseen items presents a significant lim-
itation, particularly in scenarios where no direct observations
exist for certain items. Examples include predicting prefer-
ences for new products or understanding opinions about pre-
viously unconsidered concepts. This limitation constrains the
performance of Thurstone models in sparse data settings and
creates a cold-start problem, where the models struggle to
generalize to new, unseen items—even those closely related
to previously ranked ones.

Moreover, the Thurstone models are unable to leverage ex-
isting structured knowledge or learned machine representa-
tions that could provide valuable information about known
entities and their relationships. These limitations restrict its
applicability in complex or dynamic contexts where the inter-
relatedness of judgments and the availability of preexisting
knowledge play pivotal roles.

Modern machine-learning methods address many of these
issues by enabling the prediction of out-of-sample items
through models that learn over latent representations. Recent
advancements in deep learning can process vast quantities of
data from diverse modalities, including text, images, and au-
dio, to identify patterns and relationships that generalize be-
yond the training data (LeCun et al., 2015). These techniques
have enabled the creation of expressive high-dimensional
vector representations for words, sentences, visual scenes,
and objects.

As these vector representations are argued to approximate
human mental representations (Piantadosi et al., 2024), they
have been effectively used as inputs to linear models for
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predicting individual and aggregate evaluations across vari-
ous domains, such as perceived risk (Bhatia, 2019), impres-
sion formation (Peterson et al., 2022), leadership perceptions
(Bhatia et al., 2022), and creative writing assessments (John-
son et al., 2022). Additionally, these representations have
been integrated into psychometric models as a latent con-
struct to map them to consensus beliefs (Gürkan and Suchow,
2023), demonstrating the potential for bridging pretrained
representations with collective intelligence models.

In this paper, we extend Thurstone models for partial rank-
ing data by introducing a latent construct that maps pretrained
vector representations to latent truths. These representations
are fine-tuned through a single neural network layer, improv-
ing the model’s ability to capture meaningful ranking struc-
tures. We evaluate our neural Thurstone model across ob-
jective ranking tasks, including animal speeds, material hard-
ness, and the longitudinal positioning of U.S. states from west
to east, where rankings are based on measurable criteria.

Additionally, we examine the potential of LLMs as proxies
for human cognition in ranking tasks by incorporating a la-
tent construct derived from LLM-generated reasoning. While
LLMs like ChatGPT have limitations, they offer a novel ap-
proach to understanding the underlying mechanisms of hu-
man ranking judgments (Bhatia, 2024). By leveraging their
reasoning capabilities, we explore whether these models can
enhance ranking predictions and provide meaningful insights
into decision-making processes.

The structure of this paper is as follows. First, we review
pretrained vector representations and their applications. Next,
we introduce the Thurstone model and the mathematical for-
malism that underpins our extended approach. We then de-
scribe the datasets and methodologies used for validation. Fi-
nally, we present the results from applying our model across
multiple domains and discuss their implications.

Machine Representations
Recent advancements in deep learning have made it possi-
ble to generate expressive high-dimensional vector represen-
tations, commonly referred to as embeddings, for objects,
entities, and concepts (LeCun et al., 2015). Deep learning
models process input data through multiple hidden layers,
where each layer transforms the data into intermediate rep-
resentations. These learned embeddings capture meaningful
relationships, patterns, and similarities within the data, ulti-
mately influencing the model’s predictions in the output layer
(e.g., classification labels, actions, or ratings). By fine-tuning
these embeddings during training, deep learning models cre-
ate structured representations that effectively map input data
to meaningful responses (LeCun et al., 2015).

In natural language processing (NLP), distributional se-
mantics provides a framework for deriving embeddings from
large-scale textual data (Boleda, 2020). These embeddings
are based on the principle that word meaning emerges from
co-occurrence patterns in language (Landauer and Dumais,
1997). Words frequently used in similar contexts tend to have

closer representations in high-dimensional semantic spaces.
Pre-trained embeddings, such as word2vec (Church, 2017)
and BERT (Acheampong et al., 2021), serve as inputs for
more sophisticated models that are fine-tuned with participant
data to approximate human knowledge structures (Bhatia et
al., 2019).

Word embeddings have been applied to a variety of tasks,
including predicting risk perception (Bhatia, 2019), evaluat-
ing leadership impressions (Bhatia et al., 2022), and model-
ing biases in social judgments (Caliskan et al., 2017). Addi-
tionally, deep learning advancements have enabled the gen-
eration of sentence embeddings that capture broader contex-
tual meaning, supporting research in commonsense reasoning
(Forbes et al., 2019), relational knowledge (Bouraoui et al.,
2020), and cognitive diversity estimation (Gurkan and Yan,
2023).

Similarly, deep neural networks trained on large-scale im-
age datasets can classify, detect, and recognize objects and
concepts, learning intermediate representations that gener-
alize effectively across tasks. Researchers have leveraged
these embeddings to study human perceptual judgments, such
as object memorability (Khosla et al., 2015) and typicality
(Lake et al., 2015). While machine-derived representations
are highly informative, they do not fully capture human psy-
chological structures. To bridge this gap, researchers have in-
tegrated these embeddings with psychological models to ex-
amine the alignment between computational and human cog-
nitive representations (Peterson et al., 2022; Sucholutsky and
Griffiths, 2024).

Thus, pretrained intermediate representations provide
structured, high-dimensional features that capture underly-
ing semantic, perceptual, or conceptual relationships, making
them valuable as knowledge representations in computational
models. By incorporating these embeddings into computa-
tional frameworks, researchers can model human judgments,
preferences, and expertise with greater precision. For exam-
ple, embeddings derived from LLMs and image-based mod-
els can be used to estimate consensus in subjective evalua-
tions (Gurkan and Suchow, 2022; Gürkan and Suchow, 2023).
In the context of Thurstone models, these embeddings offer a
means to extend traditional ranking-based inference by inte-
grating rich, data-driven representations, enhancing the abil-
ity to infer latent structures in human judgments.

Thurstone Model
The Thurstone model was originally developed to study the
law of comparative judgments and consensus opinions de-
rived from rank data by representing item characteristics as
latent psychological dimensions along a continuum (Luce,
1994; Thurstone, 1927). This framework has since been ex-
tended to wisdom-of-the-crowd applications, leveraging its
ability to model collective judgments (Lee, 2024). The cen-
tral premise of these applications is that, for many tasks,
the group’s central tendency often yields a highly accurate
outcome (Galton, 1907). In this context, the collective re-
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sponse serves as a proxy for the actual answer, with individ-
uals whose judgments align more closely with the group’s
central tendency considered to possess greater knowledge or
expertise. Similarly, the Thurstone model maps the latent di-
mension to the criterion of interest, item positions along this
dimension to the ground truth, and the variability in these rep-
resentations to the uncertainty individuals experience regard-
ing the true value (Lee et al., 2014).

Specifically, the model assumes that individuals generate
rankings by sampling from mental distributions based on the
latent positions of items, aligning naturally with the psy-
chological principles underlying Thurstone models (Marden,
1996). The Thurstone model is defined by two key param-
eters: µ and σ. The parameter µ represents the underlying
latent truth of each item, indicating its position on the psycho-
logical continuum, while σ reflects the precision of each in-
dividual, capturing their level of knowledge or accuracy with
respect to the criterion (Lee et al., 2014).

In the Thurstone model, individuals are assumed to draw
mental samples xi1 , xi2 , . . ., from a Gaussian distribution
centered on the ground truths µ j1 , µ j2 . . ., with a standard
deviation determined by σi, which represents the individual’s
precision. Each mental sample is thus drawn as:

xi j = Gaussian(µ j,
1

σ2
i
), (1)

where the Gaussian distribution is parameterized by its
mean (µ j) and precision ( 1

σ2
i
). As the precision increases,

the mental samples become more tightly centered around the
ground truth, reflecting a higher level of knowledge or ex-
pertise. The precision parameter in the Thurstone model has
been shown to correlate closely with expertise levels, mak-
ing it a critical component in understanding individual differ-
ences in judgment accuracy (Lee, 2024; Lee et al., 2014).

Neural Thurstone Model
While the Thurstone model provides a robust computational
framework for harnessing collective intelligence in rank-
order judgments, it is not well-suited for integrating recent
advancements in machine learning. The Thurstone model
represents the structure of individual and collective judg-
ments as a probabilistic distribution over a latent psycholog-
ical continuum, where item positions correspond to their in-
ferred true ranking. In this representation, ranked items lack
intrinsic structure and are only connected through correla-
tions across participants.

However, this computational framework has several limi-
tations. First, it treats each ranked item independently, pre-
venting information about one item from informing our un-
derstanding of others. Second, it requires a sufficient number
of ranked items to accurately characterize the latent rank or-
der, making it less effective in sparse data settings. Finally,
it does not leverage structured knowledge bases that encode
information about known entities and their relationships, lim-
iting its ability to generalize beyond observed rankings.

To overcome these challenges, we extend the Thurstone
model to provide a more data-driven representation of a latent
psychological continuum than traditional probabilistic rank-
ing models that rely solely on observed rankings. In this ex-
tension, we define a latent construct (Gurkan and Suchow,
2022; van den Bergh et al., 2020), a process that maps an
item to the latent psychological continuum through an inter-
mediate representation. In this work, we use pretrained deep
neural network representations, or embeddings, as latent con-
structs. We then fine-tune these representations by passing
them through a single neural network layer.

This layer consists of two learnable parameter sets: (1)
θ, which transforms the pretrained embedding φ j into a
task-adapted representation ψ j, and (2) ω, which maps this
adapted representation to a scalar latent value µ j indicating
the item’s position on the latent continuum. Both θ and ω

are updated during model training via gradient-based infer-
ence. This setup allows the model to flexibly adapt pretrained
knowledge to the structure of observed ranking data.

We opted for a neural network structure rather than a linear
model due to its ability to capture non-linear relationships be-
tween item representations and latent rankings. While linear
models assume a fixed relationship between embeddings and
rank positions, neural networks can learn flexible transfor-
mations, allowing for better generalization across items with
complex dependencies. This structure is particularly advan-
tageous when dealing with sparse ranking data, where linear
models may struggle to extrapolate meaningful relationships.
Additionally, the non-linear activation function introduces a
level of expressiveness that better aligns with human cogni-
tive processes, which are unlikely to follow strictly linear pat-
terns in ranking judgments.

Thus, the underlying latent truth of each item, µ j, is ob-
tained from:

µ j = ψ jω
T Latent truth

ψ j = tanh(φ j ·θ) Fine-tuned embedding representation
θ ∼ Normal(0,1) Layer weights

where ψ j is the fine-tuned embedding representation of an
item. φ j is its pretrained embedding, and ω is a linear trans-
formation that maps the fine-tuned representation to the latent
truth. The weight parameter θ is drawn from a standard nor-
mal distribution to introduce flexibility in the transformation
process.

Methods
Data
We validated our neural Thurstone model on objective rank-
ing tasks, where rankings are based on measurable crite-
ria. We used datasets ranking U.S. states from west to east
(e.g., Oregon, Maine), hardness of materials (e.g., diamond,
steel), and animal speeds (e.g., cheetah, dove). These datasets
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were obtained from Lee et al. (2014) and Montgomery et al.
(2024).

The datasets varied in ranking completeness. The animal
speeds datasets contained partial ranking data, where not ev-
ery item was ranked by every participant. In contrast, the U.S.
states from west to east, and hardness of materials datasets
contained full ranking data, where all participants ranked ev-
ery item.

To obtain pretrained embeddings, we used Sentence-BERT
(SBERT) (Reimers, 2019), a pretrained sentence transformer,
to generate a 384-dimensional vector representation for each
item. These embeddings served as inputs to the latent con-
struct in our model, allowing it to learn structured relation-
ships between ranked items.

LLM-Generated Reasoning: Recent advancements in
LLMs, such as ChatGPT, offer new opportunities to as-
sess whether their reasoning can serve as a useful proxy
for human cognition and improve decision-making processes.
For instance, LLM-generated explanations of various risk
sources can be compared with human rationales to evaluate
their alignment (Bhatia, 2024). By analyzing the extent to
which LLMs capture the underlying cognitive mechanisms
that drive ranking behavior, we can determine their potential
for improving ranking-based inference and decision-making
models.

To examine whether incorporating LLM-generated reason-
ing as a latent construct enhances model performance, we
generated explanations using GPT-4 for datasets with the fol-
lowing prompt: “What are three reasons someone might con-
sider {animal, material, state} to be {fast/slow, hard/soft, lo-
cated in the west/east}? List three reasons for each.” We
used the OpenAI API instead of ChatGPT’s interactive inter-
face, as the API allowed for automated, structured querying
and response recording across multiple materials. To prevent
the model from simply learning the correct rankings, we en-
sured that the generated reasons did not explicitly state the
true rank order of the items. Instead, the responses provided
general, plausible justifications based on commonly known
attributes. Each generated reason was then embedded using
SBERT, and the resulting embeddings were averaged to form
a latent construct. In our neural Thurstone model, these av-
eraged embeddings replaced the original item name embed-
dings, enabling the model to incorporate reasoning-based rep-
resentations rather than relying solely on item labels.

Methods Summary
The neural Thurstone model was implemented in NumPyro
(Phan et al., 2019) using the JAX backend (Bradbury et al.,
2018). Model components were integrated into a single like-
lihood function with a set of prior distributions. Inference
was performed using a Gibbs sampler (Liu, 1996) combined
with the No-U-Turn Sampler (NUTS) (Hoffman, Gelman, et
al., 2014), a standard Markov Chain Monte Carlo (MCMC)
algorithm available in NumPyro. We ran a single chain with
10,000 warm-up iterations followed by 10,000 posterior sam-

ples. Convergence was verified by ensuring no divergent tran-
sitions and that the Gelman-Rubin diagnostic (Rhat < 1.01)
indicated proper mixing.

Results
We evaluated our model using multiple validation and pre-
diction approaches. First, we assessed whether our model
could recover rankings similar to the traditional Thurstone
model or improve aggregation accuracy. Second, we tested its
predictive ability using a leave-one-out (LOO) validation ap-
proach, allowing direct comparison with the traditional Thur-
stone model. In both validation and prediction tasks, we ex-
amined whether incorporating LLM-generated reasoning en-
hanced aggregation and prediction accuracy, as our neural
Thurstone model enables the Thurstone framework to lever-
age external knowledge structures. Finally, we evaluated the
model’s generalization ability by predicting the rankings of
a novel set of items, where we randomly selected items that
were not present in the dataset.

Model Validation We evaluated whether the neural Thur-
stone model improves the aggregation of participant rank-
ings in objective domains or if it recovers similar rank or-
ders as the base model. To assess this, we compared the ag-
gregated predictions of the traditional Thurstone model with
those of the neural Thurstone model. By evaluating their per-
formance across objective ranking tasks, we aimed to deter-
mine whether incorporating pretrained embeddings enhances
the model’s ability to infer latent rank orders from participant
responses.

Model performance was assessed using Kendall’s τ dis-
tance, a rank correlation measure that quantifies agreement
between predicted and actual rankings by counting the num-
ber of adjacent pairwise swaps required to align the two or-
ders (Lee et al., 2014). A lower Kendall’s τ distance indicates
greater alignment between model-inferred and ground truth
rankings, reflecting improved aggregation accuracy.

The aggregate rankings inferred by our neural Thurstone
model outperformed the traditional Thurstone model in pre-
dicting animal speeds. Based on the ordering of posterior
means for µ, the neural model achieved a lower Kendall’s τ

distance to the ground truth. The mean of the posterior distri-
bution for τ under the neural model was 6, with a 95% cred-
ible interval of (4, 8), compared to a mean of 8 with a 95%
credible interval of (5, 11) under the traditional model. This
suggests that the neural model more reliably captures the true
item ordering. The improvement is likely due to the sparsity
of the dataset, where semantic relationships embedded in the
pretrained features help bridge gaps in the observed rankings.

For the hardness of materials dataset, both models pro-
duced identical results, with the posterior mean ordering
yielding a Kendall’s τ distance of 12 and a 95% credible in-
terval of (7, 17). Similarly, in the U.S. states from west to
east dataset, the neural model demonstrated equivalent per-
formance to the traditional model, with both models achiev-
ing a Kendall’s τ distance of 7 and a 95% credible interval
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Figure 1: Neural Thurstone model predictions for novel items. States are ordered from highest to lowest based on predicted
rankings, with the top representing the highest-ranked state. The predicted order is determined by the mean of the posterior
distributions for the location parameter µ, visualized using violin plots. The left figure shows model predictions using item
embeddings as latent constructs (τ = 14), while the right figure presents predictions using LLM-generated reason embeddings
as latent constructs (τ = 12).

of (3, 12). These results suggest that when sufficient rank-
ing information is available, pretrained embeddings offer no
additional benefit over traditional inference.

To evaluate the impact of LLM-generated reasoning as la-
tent constructs, we incorporated embeddings derived from
GPT-4’s explanations into the neural Thurstone model. The
model’s performance remained unchanged for the animal
speed and hardness of materials datasets. However, for the
U.S. states from west to east ranking, incorporating LLM-
based reasoning improved the Kendall’s τ distance from 7
(95% CI: 3, 12) to 6 (95% CI: 2, 10), indicating a modest gain
in aggregation accuracy. This suggests that LLM-generated
explanations can provide useful structured knowledge in spa-
tial or geographically grounded ranking tasks.

Model Prediction Next, we tested whether our model
could accurately predict an item’s ground truth position by
holding out one item and estimating its actual rank based on
objective criteria. To evaluate the model’s predictive accu-
racy, we employed a LOO validation approach. In this setup,
one item was excluded during training, and its rank was pre-
dicted relative to the remaining items. This process was re-
peated for each item in the dataset.

Since inferred and predicted µ values are relative to the
training set in each LOO iteration, direct comparisons across
iterations are not meaningful. Instead, we converted each in-
ferred µ value into rank positions within that specific LOO
iteration, ensuring consistency in ranking comparisons. This
approach allows us to assess how well the model predicts an
unseen item’s rank when trained on the remaining dataset and
compare its performance to the traditional Thurstone model,
which assumes all items are observed.

Rather than using Kendall’s τ distance, which counts the
number of adjacent pairwise swaps needed to align two rank-
ings, we used Kendall’s τ correlation, which measures the
overall rank agreement while allowing for ties. This distinc-
tion is critical because, in LOO settings, the model could as-
sign the same position to multiple items, making swap-based
distance metrics ill-defined. In contrast, Kendall’s τ correla-
tion provides a more appropriate evaluation by quantifying
the relative agreement between predicted and ground truth
rankings, even when items have identical predicted positions.

The model’s predictive performance varied across datasets.
For the U.S. states from west to east ranking task, our model
achieved a Kendall’s τ of 0.72, outperforming the traditional
Thurstone model, which had a τ of 0.68. In the hardness of
materials dataset, the model performed worse than the tradi-
tional Thurstone model, with a τ of 0.12 compared to 0.38 for
the traditional model. Similarly, in the animal speed rank-
ing task, the model achieved a τ of 0.54, while the tradi-
tional Thurstone model demonstrated higher agreement with
the ground truth, attaining a τ of 0.73.

To further assess whether incorporating LLM-generated
reasoning as latent constructs enhances predictive perfor-
mance, we applied this approach to the west-to-east ranking
dataset in the LOO setting. The results showed that inte-
grating LLM-derived embeddings improved Kendall’s τ from
0.72 to 0.75, reinforcing the observation that LLM-generated
knowledge may be particularly beneficial in spatial and geo-
graphically structured ranking tasks. However, for the hard-
ness of materials and animal speed datasets, LLM-based rea-
soning did not improve model predictions.
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Out-of-Distribution Performance To further evaluate the
generalization capability of our neural Thurstone model, we
conducted an additional test by randomly selecting 10 U.S.
states that were not included in the original west-to-east rank-
ing dataset. This dataset was chosen because our model’s
predictions had outperformed the traditional model in previ-
ous evaluations, suggesting that it effectively captures spatial
relationships.

For each unseen state, we predicted its rank order based
on the model’s learned representations and compared these
predictions to the ground truth rankings. The model using
item embeddings achieved a Kendall’s τ distance of 14, with a
95% credible interval of (10, 18), indicating a moderate level
of agreement with the true rankings (Figure 1, left plot).

We also conducted a similar prediction task using LLM-
generated reasoning as latent constructs. The model trained
on reasoning-based embeddings predicted the rank order of
unseen states, achieving a Kendall’s τ distance of 12, with a
95% credible interval of (8, 16) (Figure 1, right plot). This
result suggests that incorporating LLM-generated reasoning
slightly improved the model’s ability to generalize to novel
items. The performance gain may be due to LLM-derived
embeddings encoding richer contextual and relational infor-
mation, enabling the model to make more informed ranking
predictions than with item embeddings alone.

Discussion
The Thurstone model is widely used to harness collective in-
telligence in ranking tasks. However, it lacks the ability to
make predictions on out-of-sample data and does not leverage
existing structured knowledge or pretrained representations.
To address these limitations and enhance its applicability in
modern settings, we introduced the neural Thurstone model,
which extends the traditional Thurstone framework by incor-
porating a latent construct that maps pretrained embeddings
to latent truths.

Our results demonstrate that the neural Thurstone model
slightly improves aggregation performance on animal speed
rankings while outperforming human participants in the LOO
prediction task for the longitudinal positioning of U.S. states.
Additionally, we showed that the model can generalize to
novel items, demonstrating moderate predictive accuracy in
out-of-distribution ranking tasks. These findings suggest that
incorporating pretrained embeddings and external knowledge
representations into Thurstone models enhances their ability
to infer latent rank structures and predict unseen rankings,
making them more adaptable to modern machine learning ap-
plications.

Future extensions
While pretrained embeddings effectively capture semantic re-
lationships among items, they lack interpretability. To ad-
dress this limitation, the Thurstone model can be extended
by incorporating interpretable features as latent constructs,
mapping them to latent truths through a regression frame-
work. This approach would enable researchers to examine

feature importance in ranking decisions by analyzing the cor-
responding regression coefficients. For instance, in subjective
ranking tasks, researchers could identify the most influential
attributes shaping perceived leadership or presidential rank-
ings.

The Thurstone model has been extended to accommodate
multiple latent rankings for subjective evaluations, where no
objective ground truth exists (Selker et al., 2017). However,
this framework can be further enhanced using Bayesian non-
parametric methods, which offer greater flexibility in model-
ing both individual- and group-level variations. Such an ap-
proach would enable an end-to-end probabilistic framework,
allowing the model to dynamically infer the number of la-
tent ranking structures and adapt to complex, heterogeneous
ranking behaviors across different domains.

Limitations
One key limitation of our approach is the use of LLM-
generated reasons as a latent construct without direct vali-
dation against human-generated explanations. While LLM-
derived embeddings capture semantic relationships and can
enhance ranking predictions, their utility is particularly
promising for subjective evaluations, where understanding
the rationale behind preferences is crucial. By incorporating
reasoning-based embeddings, we can move beyond purely
numerical rankings and gain insights into the factors driving
human judgments.

However, to rigorously assess whether LLM-generated
reasons align with human reasoning, it is necessary to col-
lect human-provided justifications for rankings. Future work
should involve vector space analysis to compare semantic
similarity between LLM and human explanations, as well as
coefficient analysis within a regression framework to deter-
mine the similarities between LLM- and human-generated
reasons. This would enable a deeper understanding of
how well LLM-generated rationales reflect human cognition
and whether they can serve as a reliable proxy for human
decision-making processes in ranking tasks.

Additionally, our model’s generalization performance is
constrained by the number of items being ranked in the
datasets. Since ranking models rely on relative comparisons,
a dataset with a limited number of items may not provide
sufficient variability for the model to accurately generalize
across unseen rankings. Expanding the datasets to include a
larger set of ranked items would allow the model to capture
broader ranking structures, improving its ability to infer latent
rank orders and make more accurate predictions on out-of-
sample items. Future work should explore how dataset size
and diversity affect the model’s performance, particularly in
subjective ranking tasks, where ranking distributions may be
more variable across individuals.
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