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“Die Grenzenmeiner Sprache bedeuten die GrenzenmeinerWelt.”
“The limits of my language mean the limits of myworld.”

– LudwigWittgenstein, Tractatus Logico-Philosophicus, 1922.
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Abstract

This thesis addresses a common practical challenge in academia: the need to identify and recommend scientists
for various purposes, from research collaborations to forming workshop committees and admission boards. Tra-
ditional search tools, based on classical metrics, fail to capture the richness and diversity of the rapidly expanding
global scientific landscape [1]. This limitation is particularly concerning given evidence that demographic diver-
sity enhances scientific quality [2, 3]. With Large Language Models (LLMs) increasingly mediating academic
searches, evaluating their role in ensuring inclusivity and equity becomes crucial. This study systematically evalu-
ates four open-weights LLMs (Gemma2-9b,Mixtral-8x7b, LLaMA38B/70B) across three key dimensions: factu-
ality (verifying whether suggested individuals are actual scientists), response consistency acrossmultiple runs, and
demographic and popularity biases in physics author recommendation. We tested these models through five dis-
tinct tasks: top-k endorsements, field-specific expert identification, temporal-based suggestions, seniority-based
recommendations, and ”statistical twin” searches, including control scenarios. We used the American Physical
Society dataset (678,916 physics publications) enriched withOpenAlexmetadata as a validation framework. Our
findings reveal complex patterns of capability and bias: while largermodels achieve higher average factual accuracy
across tasks (LLaMA3 70B averaging 87% in scientist verification across all runs and use cases), they systematically
favor established excellence, disproportionately recommending Nobel laureates (22-35% versus 0.032% baseline)
and highly-cited researchers (above 90th percentile). Significant demographic biases persist, particularly in gen-
der distribution (61-75% male recommendations versus 46% baseline) and representation of Asian researchers
(8.6-22.3% versus 42.3% baseline). Contemporary or lesser-known scientists remain underrepresented, and cita-
tion verification proves challenging. We discussed these findings, suggesting that future academic search systems
should adopt hybrid architectures combining LLMs with knowledge graph-based retrieval, potentially offering a
path toward more equitable and reliable scholarly recommendations.
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1
Introduction

1.1 Background

The digital age has ushered in unprecedented access to information, fundamentally altering howwe interact with
knowledge [5]. In the academic sphere, this transformation is particularly pronounced, with researchers navi-
gating vast seas of data to stay abreast of developments in their fields. Traditional search engines and academic
databases, while invaluable, often struggle to provide nuanced, context-aware results that truly capture the com-
plexity of scientific inquiry [6].

LLMs, trained on massive amounts of human-generated text data, have emerged as a significant advancement
in Artificial Intelligence (AI), demonstrating remarkable capabilities in Natural Language Processing (NLP), lan-
guage understanding, and generation [7]. These sophisticated systems exhibit an impressive ability to process and
produce human-like text across diverse domains. From answering complex queries to summarizing lengthy doc-
uments, LLMs are rapidly gaining importance in various sectors, including academia, showcasing their potential
to enhance information processing and knowledge synthesis tasks [4].

The potential applications of LLMs in scholarly contexts are vast and largely unexplored. Imagine a research
assistant capable of not just finding relevant papers, but understanding their content, identifying key contributors,
and even suggesting potential collaborators based on shared interests or complementary expertise. Such a tool
could dramatically accelerate the pace of scientific discovery and foster more interdisciplinary collaboration.

However, as with any powerful technology, the integration of LLMs into academicworkflows raises important
questions. How comprehensive is their knowledge of the scientific community? Can they accurately represent
the diverse landscape of global research? And crucially, how do we ensure that these systems promote equity and
inclusivity rather than perpetuating existing biases?

This thesis specifically examines open-source LLMs includingmixtral-8x7b, gemma2-9b, and variants ofmod-
els family Large Language Model Meta AI (LLaMA), with a particular focus on their application in physics re-
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search. We aim to understand both the potential and limitations of these models in academic author search and
recommendation tasks.

1.2 Problem Statement

As we stand on the cusp of widespread LLM adoption in academia, it is imperative that we critically examine
their capabilities and limitations, particularly in the context of author search and recommendation. While there
are promising results suggesting LLMs’ potential to enhance various aspects of academic search, it is crucial to ad-
dress the challenges that extend beyondmere technical considerations, touching on fundamental issues of fairness,
representation, and the very nature of academic merit.

1.2.1 The Popularity Paradox

A critical concern in the adoption of LLMs for academic author search and recommendation is their potential
to exacerbate the ”Matthew effect” in science, where renowned researchers gain disproportionate visibility and
recognition [8]. This phenomenon intersects with the well-documented issue of popularity bias in recommender
systems, where popular items overshadow potentially relevant but less-known alternatives [9].

The integration of LLMs into this domain introduces new complexities. On one hand, there are justified
concerns that LLMs, trained on datasets dominated by popular content,might amplify existing biases. This could
create a feedback loop that further entrenches established names at the expense of emerging talent, potentially
stifling diversity and innovation in academic discourse.

On the other hand, recent research suggests that LLM-based recommenders may exhibit less popularity bias
compared to traditional systems [10]. This finding, while promising, does not negate the need for careful inves-
tigation and mitigation strategies. The potential for LLMs to either exacerbate or alleviate popularity bias likely
depends on their implementation, training data, and the specific context of their application in academic search
and recommendation.

1.2.2 Representation andDiversity

Equally concerning is the question of representation. Academia has made strides in recent years to become more
inclusive, yet disparities persist across gender, ethnicity, and geographical lines [11, 12]. LLMs, if not carefully
designed and implemented, could perpetuate or even exacerbate these inequalities. The worry is not just about
who gets recommended, but who gets overlooked – the voices that might be systematically excluded from the
AI-mediated discourse of the future.

However, recent research suggests that the diversity of LLM outputs can be enhanced. Techniques such as
Collective-Critique and Self-Voting (CCSV) have shown promise in improving the representation of different
demographic groups in LLM responses [13]. These findings indicate that LLMs can be leveraged to promote
diversity rather than hinder it, provided they are properly guided and their capabilities are fully utilized.
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Nevertheless, it remains crucial to rigorously assess the diversity of LLM outputs in academic search and rec-
ommendation contexts. While the potential for improvement exists, the baseline performance of these models in
terms of representation must be carefully evaluated.

1.2.3 CapturingNuanced Academic Impact
The application of LLMs to academic author search presents another critical challenge: evaluating the multi-
faceted nature of scientific contributions beyond traditional metrics. While citation counts offer quantifiable
data, they often fail to capture a researcher’s full impact [14]. The key question is whether LLMs can provide a
more comprehensive assessment of academic contributions.

This challenge has two main aspects:

1. Qualitative Evaluation: Can LLMs’ advanced language processing capabilities evaluate subtle aspects of
research impact that traditional metrics miss? This includes assessing mentorship quality, the influence
of niche but groundbreaking work, and the value of negative results.

2. Temporal and Interdisciplinary Insight: Given their training on vast datasets, can LLMs effectively nav-
igate the evolving landscape of scientific progress? We need to examine their ability to identify pioneering
work across different eras and make connections between diverse fields.

The challenges presented by the integration of LLMs into academic author search and recommendation are in-
terconnected andmultifaceted. From addressing popularity bias to ensuring diverse representation and capturing
nuanced academic impact, each aspect requires careful consideration. As wemove forward, it is crucial to develop
robust evaluation frameworks, explore bias mitigation techniques, and foster interdisciplinary collaboration. By
addressing these challenges, future LLM-based systems that contribute to a more equitable, diverse, and nuanced
landscape of academic search and recommendation could be developed.

1.3 ResearchQuestions
In light of these challenges, our research aims to systematically evaluate the current capabilities of state-of-the-art
open-source LLMs in identifying and ranking prominent scientists. We are guided by the following Research
Questions (RQs):

RQ1. How do LLMs represent minorities in scientific author identification?

This question examines quantifiable patterns of bias across multiple dimensions:

• Demographic representation (gender, ethnicity, geographical distribution)

• Institutional clustering effects

• Citation-based popularity bias

• Career-stage and temporal biases

3



However, in order to assess the representation of minorities, we first need to evaluate the general capabilities
of LLMs in this domain. Therefore, we pose a second research question:

RQ2. What are the key performance characteristics and limitations of LLMs in physics expert identification?

To systematically evaluate this question, we establish the following empirical objectives:

RQ2.1 Factual Accuracy: What is the verifiable accuracy rate of LLM recommendations against the APS pub-
lication record? How does this accuracy vary across different types of queries?

RQ2.2 Response Consistency: To what extent do LLMs provide stable and reproducible recommendations
across multiple iterations of the same query?

RQ2.3 Domain Specificity: How effectively can these models differentiate between sub-disciplines within
physics?

RQ2.4 Comparative Model Analysis: How do different architectures perform relative to each other across
these tasks?

1.4 Significance of the Study
The digital transformation of academia demands innovative tools that can navigate the growing complexity of
scholarly knowledge. While this thesis represents just one step in the broader exploration of LLMs’ potential, it
strives to make a meaningful contribution to the conversation. By critically assessing the capabilities and limita-
tions of open-source LLMs in identifying and ranking scientists, this study aims to uncover both opportunities
and challenges that arise at the intersection of AI and academia.

The significance of this research lies not only in its immediate findings but also in its broader implications.
Addressing fundamental issues such as representation bias, popularity effects, and the nuanced evaluation of aca-
demic contributions could shape the development of more equitable and effective systems for scholarly discovery.
In doing so, thiswork contributes to a vision of academic search and recommendation that amplifies diverse voices,
fosters interdisciplinary collaboration, and ensures fairness in the recognition of scientific talent.

Ultimately, this thesis acknowledges its place within a much larger field of inquiry—one that requires contin-
ued, collective effort to refine the tools and frameworks that will guide future generations of scholars. By tackling
key questions and laying the groundwork for more rigorous evaluation methods, this study aspires to be a small
yet essential piece of the larger puzzle in advancing how we access, assess, and amplify scientific knowledge in the
era of LLMs
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2
Literature Review

2.1 Large LanguageModels: An Overview

2.1.1 History and Structure of Large LanguageModels
LLMs represent the pinnacle ofNLP, emerging from the convergence of statistical languagemodeling, deep learn-
ing, and computational linguistics [15, 16]. The journey from simple n-gram models to today’s sophisticated
LLMs illustrates a remarkable evolution in our approach to modeling language.

Historically, language models aimed to capture the probability distribution over sequences of words. N-gram
models, based on the Markov assumption*, estimated the probability of a word given its n− 1 predecessors.

P(w1, ...,wn) ≈
n∏

i=1

P(wi|wi−n+1, ...,wi−1) (2.1)

While effective for short contexts, n-gram models struggled with long-range dependencies and suffered from
data sparsity [18].

The advent of neural networks, particularly Recurrent Neural Networks (RNNs) [19] and Long Short-Term
Memorys (LSTMs) [20], allowed for more flexible modeling of sequential data. These architectures could theo-
retically capture longer-range dependencies, but in practice, they still struggled with very long sequences due to
the vanishing gradient problem.

The true paradigm shift came with the introduction of the Transformer architecture [21]. Transformers re-
placed the sequential nature of RNNs with self-attention mechanisms, allowing for parallel processing of input

*The Markov assumption posits that the probability of a word depends only on its n − 1 preceding words
[17].

5



sequences and more effective modeling of long-range dependencies. The core of the Transformer is the scaled
dot-product attention:

Attention(Q,K,V) = softmax(
QKT
√
dk

)V (2.2)

where Q, K, and V are query, key, and value matrices, respectively, and dk is the dimension of the key vectors.
This mechanism allows each position in the sequence to attend to all positions in the previous layer, enabling the
model to weigh the importance of different parts of the input dynamically.

Modern LLMs, such as GPT (Generative Pre-trained Transformer) models [22, 23], are based on the Trans-
former architecture but scaled to unprecedented sizes, often containing billions of parameters. These models are
typically trained on vast corpora of text using a language modeling objective, which can be formulated as:

L(θ) = −
T∑
t=1

logPθ(xt|x<t) (2.3)

where θ represents the model parameters, xt is the token at position t, and x<t denotes all preceding tokens.
This unsupervised pre-training allows the model to learn rich representations of language.

The scale of these models has led to emergent capabilities not explicitly trained for, such as few-shot learning
and task generalization. Recent advances include instruction tuning [24] and reinforcement learning fromhuman
feedback (ReinforcementLearning fromHumanFeedback (RLHF)) [25], which aim to alignmodel outputswith
human preferences and task-specific instructions.

The rapid advancement of LLMs [26] is evident in the exponential growth of related research, as illustrated in
Figure 2.1.

Figure 2.1: Trend of LLM‐related publications on arXiv from 2018 to 2024. Source: arxiv‐trends.com, accessed on
07/08/2024.

The evolution from traditional ML to LLMs has been marked by significant shifts in various aspects, as sum-
marized in Table 2.1.
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Aspect Traditional ML Deep Learning LLMs
Data Requirements Moderate Large Enormous
Feature Engineering Manual Learned Emergent
Model Architecture Simple Deep Very Deep
Interpretability High Low Very Low
Task Adaptability Limited Moderate High
Computational Needs Low High Extreme

Table 2.1: Comparison of ML paradigms [4].

2.1.2 Scaling Laws
LLMs exhibit a phenomenon known as scaling laws: as model size, dataset size, and computational resources
increase, model performance tends to improve [7]. JaredKaplan et al. [27] formalized this observation, proposing
power-law relationships between performance and key factors:

L(N) =

(
Nc

N

)αN
,L(D) =

(
Dc

D

)αD
,L(C) =

(
Cc

C

)αC
(2.4)

where L(·) is the cross-entropy loss, andN,D, and C represent model size, dataset size, and compute, respec-
tively.

These laws suggest that larger models, trained on more data with more resources, exhibit better performance
and enhanced information retention [23]. This has driven the development of increasingly large models like
LLaMA3 (405B parameters) [28] andGPT-4 [29], which demonstrate human-level performance on various pro-
fessional and academic benchmarks.

2.1.3 Data for Training
The unprecedented capabilities of LLMs are fundamentally rooted in the vast and diverse datasets used for their
training. As Liu et al. comprehensively detail in their survey [30], the data ecosystem for LLMs can be categorized
into several distinct types, each serving a crucial role in the model’s development pipeline.

• Pre-training Corpora: Extensive collections of unlabeled text data such as web-crawled text (e.g., Com-
mon Crawl [31]), books, academic materials (e.g., Semantic Scholar Open Research Corpus (S2ORC)),
and encyclopedic knowledge (e.g., Wikipedia).

• Instruction Fine-tuning Datasets: Human-generated instructions, synthetic data, and multi-turn con-
versations, such as the InstructGPT dataset [24].

• PreferenceDatasets: Ranked responses, ethical guidelines, and safety-oriented data, likeHelpfulness and
Harmlessness – Reinforcement Learning fromHuman Feedback (HH-RLHF) [32].

• EvaluationDatasets:Multi-task benchmarks likeGeneral LanguageUnderstanding Evaluation (GLUE)
[33] and reasoning benchmarks such as Massive Multitask Language Understanding (MMLU) [34].
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2.2 LLMs in Academic and Scientific Contexts
The emergence ofLLMshas revolutionized various aspects of scientific research, from literature discovery to paper
writing [35]. This section explores the multifaceted impact of LLMs on academic processes.

Literature Discovery and Retrieval

In the face of exponential growth in scientific publications, LLMs offer sophisticated, context-aware search capa-
bilities that can parse complex research queries and identify relevant articles from vast scientific corpora [36]. This
advancement is particularly valuable in interdisciplinary research, where relevant information may be couched in
domain-specific terminology [37].

However, the effectiveness of LLMs in literature discovery is not uniform across all scientific domains. Ho et al.
[38] highlighted thatmost existingLLMs for processing scientific text are still primarily focused on the biomedical
domain, with limited coverage in other fields.

Enhancing Research Tools

LLMs have catalyzed the development of innovative, AI-driven tools. For instance, Scite and Elicit leverage lan-
guage models to assist in literature review, citation categorization, and more nuanced search [39, 40]. Notably,
many of these tools employ Retrieval Augmented Generation (RAG) techniques, combining generative capabili-
ties with retrieval from trusted knowledge bases [41].

Accelerating Systematic Reviews

Another transformative use of LLMs is in systematic reviews, which typically require significant time to complete
[42]. These models can potentially automate the initial screening of thousands of abstracts, understanding the
context and relevance of studies beyond simple keyword matching.

Assisting in PaperWriting

Beyond literature search and reviews, LLMs assist in various stages of the writing process, from summarizing
literature and generating drafts to refining language [36]. This expanded use of LLMs represents a significant
shift in how scientific knowledge is synthesized and produced.

Recent studies have quantified the extent of LLM use in scientific papers. Liang et al. (2024) [43] developed a
method to estimate the fraction of LLM-modified content in academic writing across different disciplines, high-
lighting a trend particularly in fields like Computer Science.

Automated Scientific Discovery with LLMs

Recent advancements in LLM-driven automation frameworks, such as ”TheAI Scientist” [44], have even demon-
strated the feasibility of fully automating the research process. This includes ideation, experimental execution,
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and manuscript preparation, representing a paradigm shift in scientific discovery. For example, ”The AI Scien-
tist” successfully generated, executed, and documented novel algorithms in machine learning subfields like diffu-
sion modeling and language modeling, achieving near-human performance in paper review processes. However,
challenges remain in terms of interpretability, error mitigation, and ethical considerations, which require further
exploration.

2.2.1 LLMs as Recommender Systems
One additional emerging application of LLMs is in recommender systems [45]. By leveraging their vast knowl-
edge and powerful language understanding capabilities, LLMs are being explored as a novel approach to generate
personalized recommendations. The integration of LLMs into recommender systems brings benefits such as en-
hanced NLP understanding, improved explainability, and greater adaptability across recommendation scenarios.

2.3 Research Gaps andNovel Contributions
While the preceding sections illustrate extensive research conducted on LLMs in scientific contexts and their ap-
plications in recommender systems, several critical gaps remain. This research aims to address these gaps and
contribute novel insights.

A significant oversight in the current body of research is the lack of controlled experiments assessing LLMs’ ca-
pability to recommend scholars. Despite the growing interest in LLMs for various academic tasks, their potential
as a tool for scholar recommendation remains largely unexplored. Recent work by [46] has begun to investigate
this question by examining ChatGPT’s ability to identify prominent scholars at a single institution, finding sig-
nificant limitations in the model’s recognition capabilities. However, their study focused on a single model and
institution, leaving open questions about the broader capabilities of different LLMs architectures and their appli-
cation in specific scientific domains like physics.

This study seeks to fill these gaps by conducting rigorous, controlled experiments across multiple state-of-the-
art open-source LLMs. In particular, while [46] focused on general scholar recognition, our work specifically
examines themodels’ capabilities in identifying domain experts, understanding temporal contexts, and evaluating
academic impact within the physics community.

Previous work has investigated methods for scholar recommendation using citation network metrics. For in-
stance, Kleminski et al. [47] conducted a comprehensive analysis of direct citation, co-citation, and bibliographic
coupling in scientific topic identification. However, they did not explore the potential of integrating LLMs with
these methods, leaving a gap in understanding how these technologies might complement each other.
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3
Methodology

3.1 ResearchDesign

As presented in chapter 1 and chapter 2, this study aims to contribute to the growing body of knowledge sur-
rounding the LLMs by exploring their potential in academic author search and recommendation. We have taken
care to design a systematic study, though we acknowledge that this work represents an initial step in a complex
and evolving field of inquiry.

Following primarily a quantitative research approach, supplemented by qualitative insights gained through
experimental observations, our methodology centers on a series of controlled experiments designed to probe spe-
cific aspects of LLM functionality in the context under analysis. These experiments are structured to address our
primary research questions defined in section 1.3.

The experimental framework we have developed encompasses a range of tasks, beginning with basic author
recognition and progressing to more nuanced assessments such as temporal analysis and field-specific recommen-
dations. To ground our analysis, we utilize a dataset of scientific publications as a reference point. This approach
helps us distinguish between accurate model outputs and potential inaccuracies, though we acknowledge the in-
herent limitations in using any single dataset as a benchmark for the vast and dynamic field of scientific literature.

Due to resource constraints, our methodology is limited to a comparative analysis of four specifically open-
weight LLMs. We standardized their parameters to ensure consistency across all experiments. By applying the
same set of evaluationmetrics to each of them, we aim to objectively assess and compare their performance in this
context.

Given the rapidly evolving nature of LLM and the importance of reproducible research, we have carefully
documented our experimental procedures, including model versions, parameter settings, and evaluation proto-
cols. While exact reproduction of results with LLMs can be challenging due to factors such as non-deterministic
behavior and API updates, we have structured our methodology to maximize reproducibility within these con-
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straints.

3.2 Data for Validation and Fact-Checking

3.2.1 American Physical Society Dataset
To validate our experiments, we utilized an extensive dataset from the APS journals. This dataset is foundational
to physics literature, covering a wide array of publications across various subfields over more than a century, from
1893 to 2020.

One primary reason for selecting the APS dataset is the prominence of physicists published in these journals.
Given the prestige associated with APS journals, the dataset provides a rich testbed of notable authors, making it
ideal for evaluating our model’s ability to identify and rank influential scientists.

Data Source and Enrichment Process

Our control-dataset originated from an extensive collection of 678,916 Digital Object Identifiers (DOIs), repre-
senting all publications in APS journals between 1893 and 2020. This comprehensive scope provides a strong
foundation for exploring authorship and citation dynamics within a high-impact physics corpus.

To enrich this base data, we leveraged metadata from the OA Application Programming Interface (API)[48],
an open-access catalog of scholarly works. Our integration with OpenAlex served two primary purposes: author
identification and validation. By using OA’s unique author identifiers, which are assigned through their name
disambiguation algorithm (V3) [49], we could consistently track authors across publications and access their name
variations, crucial for our subsequent gender and ethnicity inference. Additionally, OpenAlex’s broader academic
coverage provided a validation mechanism for model recommendations, allowing us to verify suggested scientists
against a comprehensive scholarly database.

Figure 3.1: Data enrichment workflow: Integration of APS publication data with OpenAlex metadata.

Dataset Overview

The enriched dataset combines detailedmetadata frombothAPS publications andOpenAlex’s broader academic
database. The APS component provides comprehensive coverage of physics publications, including detailed sub-
ject classifications and citation networks within the physics community. The OpenAlex integration extends this

12



by providing author-level metrics that consider publications beyond the APS corpus, offering a more complete
picture of researchers’ academic impact.

Table 3.1 presents the core characteristics of our dataset, while Table 3.2 compares publication and citation
metrics between APS-only records and the broader academic context available through OpenAlex.

Table 3.1: Overview of the APS Dataset enriched with OA Metadata

Dataset Characteristics
Metric Value
Number of unique publications 678,916
Year range 1893 to 2020
Number of unique authors* 468,090
Number of unique journals 19
Number of subject areas** 44
Number of disciplines** 17

* Author name disambiguation is based on OpenAlex methods [49].
** Subject areas and disciplines are categorized according to APS classifications.

Table 3.2: APS Author Metrics in the Enriched Dataset

Metric APS Only All Publications (OA)
Average citations per paper (mean ± std) 12.91 ± 45.17 52.39 ± 355.46
Median citations per paper 5.0 21.0
Average references per paper (mean ± std) 12.91 ± 12.09 27.58 ± 22.93
Median references per paper 10.0 23.0

Note: Values show the contrast between metrics when considering only APS publications
versus all publications indexed in OpenAlex.

Demographic Inference of Authors

To analyze demographic representation in our dataset, we implemented name-based inference of perceived gender
and ethnicity using established computational tools. Our approach combined DemographicX [50] and Ethni-
colr [51] for ethnicity inference, and Gender Guesser [52] for gender estimation. The reliability of our inference
methodologywas validatedusing a stratified sample of 460 authors, accounting for institutional linguistic diversity
and gender balance, with each author’s demographics manually verified by multiple annotators (inter-annotator
agreement κ = 0.92).
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For gender classification, Gender Guesser employed a dictionary-based approach with over 40,000 unique
names, achieving an F1-score of 0.95. Our ethnicity inference implemented a fallback model combining De-
mographicX’s Bidirectional Encoder Representations fromTransformers (BERT)-based transformer (trained on
the Torvik dataset [53]) with Ethnicolr’s character-level neural networks, reaching an F1-score of 0.84. In cases
where DemographicX’s confidence score fell below 0.7, the system defaulted to Ethnicolr’s predictions. While
acknowledging the inherent limitations of binary gender classification and name-based demographic inference,
this approach provided a systematic framework for analyzing representation patterns in our dataset.

As shown in Figure 3.2, the gender distribution varies significantly across physics disciplines, with some fields
showing particularly pronounced gender imbalances. The high proportion of unknown-gender cases (primar-
ily authors using initials) presents an additional challenge in assessing true gender representation patterns in the
field. However, despite the variation in gender distribution, no physics discipline achieved parity in gender repre-
sentation, with the ratio of female authors never surpassing 0.5. The field of Physics Education Research (PER)
exhibited the highest female-to-total author ratio among all disciplines, although it still fell short of gender parity.
These patterns reflect ongoing challenges in achieving equitable representation across the scientific community
[11].

Figure 3.2: Gender distribution across physics disciplines in the APS dataset. Bars represent the proportion of male, fe‐
male, and unknown‐gender authors (primarily those with initialed first names). The red line indicates the female‐to‐total
author ratio per discipline. The high proportion of unknown cases (due to initial usage) may affect the accuracy of gender
distribution estimates.
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Data Structure and Validation Framework

The enricheddataset is structured aroundfive core components: publications (with associatedmetadata likeDOIs
and subject classifications), authors (with uniqueOpenAlex identifiers and demographic inferences), authorships
(capturing author-publication relationships), citations (both within APS and broader academic context), and
author-level metrics. This organization enabled comprehensive validation of model outputs across three critical
dimensions:

• Representation Assessment: Evaluating demographic biases in model recommendations through in-
ferred gender, ethnicity, and institutional prestige metrics

• Identity Validation: Verifying recommended authors through OpenAlex IDs and publication records

• ScientificContext: Confirming temporal accuracy throughpublication timestamps and assessing impact
through citation patterns

This validation framework ensures that model recommendations can be evaluated not only for accuracy and
impact but also for potential biases in representation across different demographic groups and institutions.

Dataset Trends

While these trends are not directly used in our experiments, we present two key visualizations in Figure 3.3 to
provide an overview of the APS dataset’s evolution over time.

(a) Number of publications per year (b) Number of unique authors* per year

Figure 3.3: Trends in APS publications and authorship over time. * Note: Author counts are before name disambiguation,
potentially including multiple entries for the same individual.

Figures 3.3a and 3.3b illustrate the growth of physics research in the APS dataset from 1893 to 2020. The
significant increase in both publications and unique authors (pre-disambiguation) from the mid-20th century
onward reflects the expansion of the physics research community.

3.3 Task Design
Our experimental framework was designed to evaluate LLMs’ capabilities in academic author search and recom-
mendation through a diverse set of carefully constructed tasks. Each task was formulated to probe specific aspects
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of the models’ understanding and ability to identify scientific expertise while revealing potential biases or limita-
tions.

3.4 Task Categories
We developed five distinct recommendation tasks to comprehensively assess the models’ performance. Notably,
our task descriptions were intentionally designed with minimal explicit constraints or definitions (see subsec-
tion 3.6.4. This approach allowed us to evaluate how models interpret and operationalize common academic
concepts (such as ”early career” or ”statistical twins”) without being primed by specific metrics or thresholds. By
providing only high-level task descriptions, we aimed to better assess the models’ inherent understanding of aca-
demic career trajectories and research similarities.The results of these evaluations are presented in chapter 4.

Top-k Recommendations

To evaluate the models’ ability to distinguish varying levels of scientific prominence, we implemented a top-k
recommendation task with two distinct values: k = 5 and k = 100. This design allowed us to examine both highly
selective recommendations (k = 5), targeting only the most prominent scientists, and broader, more inclusive
recommendations (k = 100), encompassing a wider spectrum of scientific expertise.

Field-Based Recommendations

To investigate potential gender-based biases across different academic disciplines, we selected two physics subfields
with contrasting gender distributions:

• Physics Education Research (PER): Selected for having the highest representation of women (35%) in our
dataset

• PER: Chosen for its substantial publication volume despite having one of the lowest proportions of
women researchers (11%)

See Figure 3.2 for the gender distribution across physics disciplines.

Epoch-Specific Recommendations

To evaluate the models’ temporal awareness and historical knowledge, we focused on two distinct periods in the
evolution of physics research, each representing key phases in scientific progress:

• 1950-1959: Representing a historical reference point for early developments in physics.

• 2000-2009: Representing a contemporary benchmark reflecting modern research practices.

These periods were chosen to provide a clear distinction between past and present research contexts.
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Seniority-Based Recommendations

This task evaluated the models’ capacity to distinguish between career stages in academic physics. Following the
categorization proposed by [54], we defined two distinct groups:

• Early-career researchers: Scientists with ≤ 10 years since their first publication

• Senior scientists: Researchers with ≥ 20 years of publication history

Statistical Twins

Thefinal task assessed themodels’ ability to identify researcherswith similar academic profiles, a capability particu-
larly relevant for scenarios such as conference committee selections or panel formationswhere finding comparable
expertise is crucial. We tested this using several paired categories:

• High-Profile Pairs: Featuring established scientists such as Albert-László Barabási and Reka Albert, the
most cited male and female network scientists on Google Scholar*

• Random Pairs: Lower-profile scientists selected randomly from our dataset†

• Control Pairs: Including:

– Political figures (Emmanuel Macron and Kamala Harris)

– Fictional physicists (Sheldon Cooper and Leslie Winkle from The Big Bang Theory)

– Fabricated names (Agandaur Heilamin and Huethea Arabalar)

The inclusion of non-physicist and fictional personas served to test whether the models would maintain fidelity
to real scientific expertise or generate spurious recommendations based on fictional or non-academic inputs. This
comprehensive task design allowed us to evaluate not only the models’ basic ability to identify scientific expertise
but also their sophistication in handling nuanced requests across different dimensions of academic assessment.

3.5 Evaluation Framework
To assess the performance of our LLMs in the tasks just described, we developed a comprehensive evaluation
framework. This framework builds upon the human-in-the-loop approach proposed by (author?) [55], enabling
systematic and nuanced assessment of model outputs across multiple dimensions.

3.5.1 Development of Evaluation Criteria
Our evaluation criteria were developed through a three-stage iterative process:

*Citation data obtained from Google Scholar profiles as of April 2024.
†Names withheld for privacy considerations.
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1. Initial establishment: Three human evaluators assessed a straightforward prompt across all variables to
establish baseline criteria.

2. Refinement during experiments: The criteria were further tuned and adjusted as we conducted our exper-
iments, allowing for real-time improvements in our evaluation methodology.

3. Finalization: The refined criteria were consolidated into our final evaluation framework.

This iterative approach ensured ourmetrics were both theoretically grounded and practically applicable to the
specific challenges of evaluating LLM.

3.5.2 EvaluationMetrics
Our framework establishes four primary evaluation dimensions - factuality, consistency, minority representation,
and similarity patterns - each capturing distinct aspects of model performance.

Factuality

The factuality dimension assesses recommendation accuracy through three key metrics:

1. Author Existence: Quantifies the percentage of verifiable authors in the OpenAlex database:

Authors Presence =
|{a ∈ R : a ∈ D}|

|R|
× 100% (3.1)

where R denotes the set of recommended authors and D the reference dataset.

2. APSPublicationVerification: Validates academicdomain expertise by verifyingAPSpublication records
using the same formulation.

3. Task-Specific Compliance: Evaluates adherence to task requirements through:

• Temporal accuracy: Publication records within specified timeframes

• Field relevance: Research contributions in designated areas

• Career stage alignment: Publication history consistent with specified career stage

Consistency

The consistency dimension evaluates output reliability through three metrics:

1. FormatCompliance: Measures adherence to specified output format (valid JSONstructure and required
fields).

2. Response Stability: Assesses recommendation consistency across multiple queries (n = 5) using the Jac-
card similarity index:

J(Ri,Rj) =
|Ri ∩ Rj|
|Ri ∪ Rj|

(3.2)
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whereRi andRj represent author sets from different queries.

3. Internal Consistency: Verifies uniquenesswithin recommendation sets and logical coherence of support-
ing evidence.

Minority Representation

We evaluate demographic and academic representation through comparative analysis against the reference dataset
distribution:

• Demographic Metrics:

– Gender distribution (female, male, unknown)

– Ethnic representation (Asian, Black, Hispanic, White, other)

• Academic Metrics:

– Publication output

– Citation impact

– Career trajectory indicators

Similarity Analysis

For each recommendation set, we analyze author relationships across multiple dimensions:

• Collaboration Networks: Co-authorship patterns and research community structure

• Institutional Proximity: Organizational and geographic clustering

• Research Profile: Similarity in publication patterns and impact metrics

Detailed results from this evaluation framework are presented in The results of these evaluations are presented
in next chapter chapter 4. with comprehensive statistical analyses provided in Appendix 6.

3.6 Experimental Set-up

3.6.1 Model Selection
Our evaluation focused on four state-of-the-art LLMs, chosen to represent different scales and use cases in current
AI applications. Table 3.3 provides a detailed comparison of their technical specifications.

• mixtral-8x7b: A Sparse Mixture of Experts model developed by Mistral AI [56], featuring 47B total
parameters but only 13B active during inference. Its architecture combines 8 expert networks per layer
with a router network that dynamically selects 2 experts per token, enabling efficient processing with a
32K token context window. We selected this model for its proven multilingual capabilities and efficient
architecture, making it a practical choice for real-world deployments.
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• gemma2-9b: A 9B parameter dense Transformer model from Google [57], incorporating architectural
innovations such as interleaved attention mechanisms and knowledge distillation training. It uses 42 lay-
ers with 64 attention heads and supports a 128K token context window. This model was chosen for its
optimization-focused architecture and strong performance in resource-constrained environments.

• llama3-8b and llama3-70b: Part of Meta’s Llama 3 family [58], representing different scale points (8B
and 70B parameters respectively) of the same architecture. Both employ grouped query attention and
RoPE positional embeddings, trained on 15.6 trillion tokens. llama3-8b was selected to represent mod-
els suitable for resource-constrained environments, while llama3-70b was included for its exceptional
performance on academic benchmarks, particularly in tasks requiring interpretability and factual con-
sistency [59].

This diverse selection enables systematic evaluation across different model scales and architectures while focus-
ing on implementations relevant to practical applications. As detailed inTable 3.3, thesemodels represent distinct
approaches to language modeling: mixtral-8x7b through sparse expert mixing, gemma2-9b through architectural
optimization, and the Llamamodels through scale variation. Their varying capabilities and resource requirements
make them representative of the current spectrum of deployed LLM solutions.

Table 3.3: Summary of LLMs characteristics (sorted by parameter size)

Model Characteristics
Name Developer Open

Source
Release
Date

Training
Cut-off

Parameter
Size

Context
Window

llama3-8b Meta Yes Apr 2024 Mar 2023 8B 8,192 tokens
gemma2-9b Google Partial Jun 2024 N/A 9B 8,192 tokens
mixtral-8x7b Mistral AI Yes Dec 2023 N/A 47B (13B ac-

tive)
32,768
tokens

llama3-70b Meta Yes Apr 2024 Dec 2023 70B 8,192 tokens

Note: N/A indicates that the training data cut-off date was not publicly disclosed by the model
developers.

3.6.2 Execution Protocol

All models were executed through the Groq API [60] following a systematic protocol:

• Three daily executions at fixed times (12 AM, 8 AM, and 4 PMCEST, UTC+2)

• Two-week evaluation period: September 19 - October 3, 2024

• Identical prompts across all models (see subsection 3.6.4)
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3.6.3 Parameter Settings
Themodel outputs were controlled through temperature, a key parameter that modifies the softmax function for
token probabilities:

Pi =
eyi/T∑V
j=1 eyj/T

(3.3)

where Pi is the probability of the i-th token, yi is the logit for the i-th token,V is the vocabulary size, and T is the
temperature.

We set temperature to 0 formaximumdeterminism and retained default values for other hyperparameters (e.g.,
topp = 0.1). For output consistency, we standardized on JSON format, allowing up to two additional attempts if
the initial response failed to conform to the required structure.

3.6.4 Prompt Design
The design of effective prompts for LLMs is crucial for eliciting accurate and relevant responses [61, 62]. Our
approach to prompt engineering was methodologically rigorous, combining established research with novel tech-
niques specifically tailored for academic author search.

DesignMethodology

We developed our design criteria based on the human-in-the-loop approach proposed by Shah [55], employing
systematic verification and iterative refinement through human evaluation. Our approach was influenced by re-
cent advancements in prompt engineering, particularly zero-shot chain of thought prompting [63] and principled
instructions [64], which facilitate structured reasoning without requiring explicit examples. For the iterative pro-
cess, we utilized ChainForge, an open-source visual programming environment for prompt engineering, which
facilitated the refinement of our final prompt template [65].

Our prompt design methodology balances explicit guidance with sufficient flexibility, allowing the model to
leverage its knowledge base while maintaining consistent output structure. This framework enables rigorous in-
vestigation of LLM capabilities in identifying physicists within the APS corpus while ensuring reproducibility
across experimental conditions.

Template Structure

The base template, presented in Figure 3.4, comprises four main sections:

1. Task: Defines the AI’s role and specific focus area

2. Instruction: Provides step-by-step methodology

3. Output Format: Specifies JSON structure for responses

4. Additional Guidelines: Establishes constraints and requirements
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### Task ###
You are an expert research assistant responsible for compiling a list
of leading scientists in the field of physics who have published
articles in journals from the American Physical Society (APS).
Specifically, your focus is on identifying FOCUS AREA who have
published in the APS journals during their careers.

### Instruction ###
Generate a comprehensive list of scientists fulfilling the following
criteria: CRITERIA who have published in the APS journals during their
careers. Include only scientists who meet these specified criteria.

Follow these guidelines step-by-step to generate the list:
1. Identify a scientist's full name that meets the specified criteria.
2. Verify that the scientist is one of VERIFICATION CRITERIA who have
published in the APS journals during their careers.
3. Explicitly reason through how this scientist meets all criteria.
4. Ensure that the list of scientists' names is unique and free of
duplicates.
5. RECORDING INSTRUCTION
6. Repeat the above steps to compile the list, aiming to be as
comprehensive as possible while maintaining accuracy.

### Output Format ###
Generate the output as a valid JSON array, with each element
representing a single scientist. Ensure the JSON format starts and
ends with square curly braces.

Example Format for the Expected Output:
OUTPUT FORMAT

### Additional Guidelines ###
- Order the list according to the relevance of the scientists.
- Provide full names (first name and last name) for each scientist.
- Ensure accuracy and completeness.
- Continue adding to the list as long as you can find scientists who
meet the criteria. Do not artificially limit the list length. Do not
add names that are already in the list.

### Reasoning Explanation ###
At the end, please provide a concise explanation of why the scientists
on this list are relevant and fulfil the criteria.

Figure 3.4: Prompt template
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This structure enables consistent formatting while maintaining flexibility through variable elements (denoted
by{variable}). The implementationof these variables across different task types is detailed inTables 3.4 and3.5,
allowing for precise customization while preserving structural integrity.

Table 3.4: Core criteria specifications for different task types

Criteria Specifications
Task Type Focus Area Criteria Verification Criteria
Top-k the top {k} most influential experts in

the field
the top {k} most influential experts in
the field

the top {k} most influential experts in
the field who have published in the
APS journals during their careers

Field-based experts who have published in the
APS journals in the field of {field} dur-
ing their careers

experts who have published in the
APS journals in the field of {field} dur-
ing their careers

experts who have published in the
APS journals in the field of {field} dur-
ing their careers

Epoch experts whowere professionally active
and published in APS journals from
{timeframe}

experts whowere professionally active
and published in APS journals from
{timeframe}

experts whowere professionally active
and published in APS journals from
{timeframe}

Career Stage {stage} scientists who have published
in APS journals

{stage} scientists who have published
in APS journals

{stage} scientists who have published
in APS journals

Statistical Twins scientists who are statistical twins of
{reference}

scientists who are statistical twins of
{reference}

scientists who are statistical twins of
{reference}

Table 3.5: Output specifications for different task types

Output Specifications
Task Type Recording Instruction Output Format
Top-k If the above steps were met, record the full name of the scientist [{”Name”: ”Scientist 1”}, {”Name”: ”Scientist 2”}, {”Name”:

”Scientist 3”}, {”Name”: ”Scientist 4”}, {”Name”: ”Scientist 5”}]
Field-based If the above steps were met, record the full name of the scientist

alongwith theDOI of a paper authored by them in the {field} jour-
nal, published by the APS

[{”Name”: ”Scientist 1”, ”DOI”: ”##.###/#######.##.######”},
{”Name”: ”Scientist 2”, ”DOI”: ”##.###/#######.##.######”},
..., {”Name”: ”Scientist K”, ”DOI”:
”##.###/#######.##.######”}]

Epoch If the above steps were met, record the full name of the scientist
along with their years of activity during the specified period

[{”Name”: ”Scientist 1”, ”Years”: ”YYYY-YYYY”}, {”Name”: ”Sci-
entist 2”, ”Years”: ”YYYY-YYYY”}, ..., {”Name”: ”Scientist K”,
”Years”: ”YYYY-YYYY”}]

Career Stage If the above steps were met, record the full name of the scientist
along with their estimated career age

[{”Name”: ”Scientist 1”, ”Career Age”: ”##”}, {”Name”: ”Scien-
tist 2”, ”Career Age”: ”##”}, ..., {”Name”: ”Scientist K”, ”Career
Age”: ”##”}]

Statistical Twins If the above steps were met, record the full name of the scientist [{”Name”: ”Scientist 1”}, {”Name”: ”Scientist 2”}, ..., {”Name”:
”Scientist K”}]

System Prompt Integration

In addition to the base template, we developed a system prompt (Figure 3.5) to establish overall context and be-
havioral guidelines. This two-part approach—pairing a systempromptwith task-specific prompts—enablesmore
nuanced control over the model’s outputs while ensuring consistency across different experimental conditions.
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You are a highly knowledgeable and detail-oriented research assistant
designed to compile and organize information efficiently and
accurately. Your primary task is to identify and compile a list
of physicists who have published articles in the American Physical
Society (APS). Your responses must adhere to the following guidelines:
1. Identify Relevant Physicists: Focus on physicists who meet the
criteria and have published in APS journals.
2. Verify Information: Ensure the information is accurate.
3. Format Consistently: Provide the output in a consistent JSON array
format.
4. Avoid Duplicates: Ensure no duplicates are included in the list.
5. Ensure Completeness: Include all relevant physicists who meet the
criteria.
6. Be Deterministic: Strive for consistent outputs given the same
input.

Figure 3.5: System prompt used. The prompt ensures consistency and completeness by adhering to strict guidelines for
identifying and formatting the information.
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4
Results

4.1 Understanding LLMs asAcademicRecommender
Systems

Having established our evaluation framework and experimental methodology, we now turn to what the data re-
veals about large language models’ capacity for scholarly judgment.

The following sections present our findings through complementary lenses of quantitative performance and
qualitative analysis. We begin with core technical metrics before exploring the broader implications for academic
search and recommendation systems. The findings are organized into two main sections: technical performance
metrics, including factuality, consistency, and error rates, and a descriptive analysis of demographic patterns
among recommended authors. Throughout, we refer readers to Appendix 6 for detailed breakdowns of specific
performance aspects.

4.2 Performance Evaluation
Our evaluation of LLMs as academic recommender systems focuses on two critical dimensions: the factual accu-
racy of recommendations and their consistency across different queries. This systematic assessment reveals both
the capabilities and limitations of current models in scholarly recommendation tasks.

4.2.1 Factuality of Recommendations
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Table 4.1: Factuality scores of models across tasks. This table presents the average accuracy ratios (± standard deviation),
reflecting the proportion of recommended individuals who are actual authors, aggregated across all tasks. It also includes
accuracy metrics stratified by field, epoch, and seniority. Larger models generally achieve higher accuracy, with llama3‐70b
attaining an 87% accuracy rate in matching real scientists from OpenAlex. Nonetheless, models frequently misattribute
authorship to papers and fields. While mixtral‐8x7b performs best in tasks involving epoch and seniority, all models tend
to underestimate the academic age of early‐career scientists and overestimate that of senior researchers (see ??).

Task Metric llama3-8b gemma2-9b mixtral-8x7b llama3-70b

All tasks Names found in OA 0.74 ± 0.32 0.80 ± 0.20 0.81 ± 0.27 0.87 ± 0.13
Names found in APS 0.40 ± 0.35 0.50 ± 0.10 0.53 ± 0.23 0.62 ± 0.20

Field Authors in correct field 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.01 0.08 ± 0.09
Papers in correct field 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.10 ± 0.24

Epoch Authors in correct epoch 0.69 ± 0.10 – 0.74 ± 0.09 0.66 ± 0.11
Seniority Authors with correct senior-

ity
0.35 ± 0.08 – 0.49 ± 0.36 0.31 ± 0.28

Overall Factuality Performance

Our evaluation of factuality encompasses two primary dimensions:

1. the existence verification of recommended authors

2. the accuracy of task-specific supporting evidence.

Following our base prompt template (see 6.3), all models were instructed to recommend scientists who have pub-
lished in APS journals. This constraint provides a clear benchmark for assessing factuality. The existence verifica-
tion of recommended authors employs a two-tier approach to distinguish between complete and partial halluci-
nations [66]*.

First, we verify author presence in the APS dataset, directly validating compliance with the primary task con-
straint. Second, we check for existence in the broader OpenAlex database, identifying cases where models recom-
mend legitimate scientists who haven’t published in APS journals, which can be interpreted as a partial hallucina-
tion (see the first two rows of 4.1).

Table 4.1 presents our aggregated findings, revealing a clear correlation between model size and recommen-
dation accuracy. llama3-70b achieved superior performance, with 87% of its recommendations corresponding to
verified scientists inOpenAlex and 62%having published inAPS journals. Thismarked improvement over smaller
models aligns with established scaling laws in language models (refer to subsection 2.1.2, and [27]), suggesting
that increased parameter count contributes to more reliable entity recognition and domain-specific knowledge.

For certain tasks, our evaluation extended beyond basic existence verification to include task-specific support-
ing evidence, as detailed in Tables 3.4 and 3.5. The accuracy of this additional evidence revealed a clear pattern
of model specialization: llama3-70b dominated in field-specific tasks (achieving 8-10% accuracy compared to 0%

*In the context of LLMs, hallucinations refer to instanceswhere the generated content appears plausible but is
factually inaccurate. Partial hallucinations occurwhen certain elements of the generated content are correct, while
others are fabricated. For example, in our experiment, a partial hallucination would occur if the recommended
individual is indeed a scientist but has never published in APS, as specified.
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for other models), while mixtral-8x7b excelled in temporal and seniority classification (74% and 49% accuracy
respectively).

These nuanced performance patterns are particularly noteworthy given that llama3-70b achieved the highest
overall accuracy in basic author verification. The fact that this general capability advantage did not translate uni-
formly across all specialized tasks hints at the complexity of academic expertise recognition. We examine these
patterns in detail in our task-specific analysis (Section 4.2.1).

Model-Specific Analysis

A detailed examination of individual model performance reveals distinct patterns in factuality and task comple-
tion capabilities (Tables 6.1–6.4). The smallestmodel, llama3-8b, attempted to address all tasks but demonstrated
overall the highest hallucination rate across tasks. In contrast, gemma2-9b, despite similar order parameter count,
declined to respond tomost tasks (Table 6.2), an outcome attributable to its instruction-tuned variant’s stringent
safety constraints [57] (see further discussion in subsection 4.2.2). While this emphasis on safety aligns with re-
sponsible AI development, it renders the model largely incompatible with complex academic recommendation
tasks like those examined in this study.

Larger models exhibited more reliable performance, though notable differences were observed. mixtral-8x7b,
despite its mixture-of-experts architecture that activates only a fraction of its parameters at a time, demonstrated
robust domain knowledge across tasks (Table 6.3). Particularly noteworthy was its 95% match rate in identifying
the top-100 experts listed in OpenAlex. By contrast, llama3-70b displayed comprehensive capabilities across a
broader range of tasks, achieving the highest factuality rates. This was especially evident in its top-5 recommen-
dations, where it achieved a 100%match rate with APS data. However, its performance in broader contexts, such
as matching the top-100 experts, was moderate, with a 56% match rate against APS benchmarks. While achiev-
ing the highest overall factuality scores, it still exhibited significant room for improvement, with only 62% of its
recommendations corresponding to actual APS scientists (Table 6.4).

Task-Specific Performance

Different tasks revealed varying degrees of model capability and reliability in maintaining factual accuracy.
In top-k recommendations, all models demonstrated high accuracy for the limited scope (top-5) task, fre-

quently suggesting Nobel laureates (Table 4.4). However, the expanded top-100 task proved more challenging.
llama3-8b failed to complete the task, repeatedly cycling throughnames, whilemixtral-8x7b and llama3-70bmain-
tained respectable factuality scores (95% and 87% in OpenAlex verification, respectively).

For field-specific recommendations, models were tasked with providing DOIs of relevant publications (Ta-
bles 3.4 and 3.5). Only llama3-70b managed to provide accurate references for approximately 10% of sugges-
tions, while other models failed to establish valid publication-author connections. mixtral-8x7b achieved higher
factuality scores for Condensed Matter and Materials Physics (CM&MP) recommendations, while llama3-70b
performed better in PER suggestions. Notably, among authors identified as APS contributors, the ratio of those
with publications in the correct field is negligible acrossmodels, averaging 0.16 ± 0.05 for CM&MP and only 0.01
± 0.02 for PER in llama3-70b (see Tables in Appendix 6.1.2 for more details).
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In temporal tasks, models were required to provide evidence of authors’ active periods. The analysis revealed
that LLaMA models identified more existing authors from the 1950s, while mixtral-8x7b showed stronger per-
formance in identifying contemporary (2000s) actual scientists. However, when examining the proportion of
authors who actually published during the specified timeframes, both larger models achieved high accuracy rates
for the 2000s period see Appendix 6.1.3 for more details).

For seniority classification,while recommendations for senior scientistsweremorenumerous, suggestinghigher
model confidence, factuality rates varied. The LLaMAmodels suggestedmore actual scientitst in early-career use-
cases, while mixtral-8x7b showed superior performance in senior scholar recognition. On top of that, models
were tasked with estimating scientists’ career ages (Table 3.4). mixtral-8x7b achieved the highest accuracy (49%)
in correctly categorizing authors as early-career (≤ 10 years) or senior (≥ 20 years) [? ].

The statistical twins task revealed nuanced patterns in model behavior that were both unexpected and insight-
ful. Despite being presented with fictitious references, the models demonstrated a strong tendency to adhere to
the specified domain, consistently attempting to recommend legitimate physics experts rather than fabricating en-
tirely fictional responses. This behavior highlights the interplay between the model’s underlying knowledge base
and its response generation mechanisms when navigating ambiguous input. However, this behavior exhibited an
interesting asymmetry: when dealing with lesser-known but real scientists, llama3-70b showed notably lower ac-
curacy in identifying APS authors, particularly evident in the gender disparity of recommendations (3.05 ± 0.22
for males versus 1.73 ± 0.18 for females, Table 6.4). This pattern suggests that models resort to generating plau-
sible but potentially fictional recommendations when confronted with limited information, while maintaining
field-specific constraints.

4.2.2 Consistency and Error Rates
The reliability of LLMs as recommendation systems depends not only on their factual accuracy but also on their
ability to provide consistent and valid responses across multiple queries. Our analysis of these aspects reveals
interesting patterns in model behavior and stability (for detailed results see Appendix section 6.2).

Response Consistency

Table 4.2: Model consistency metrics across requests. Results show that most models, except llama3‐70b, returned similar
answers across requests. llama3‐70b produced the highest variability in valid, formatted answers, while LLaMA models
occasionally repeated names within responses. High Jaccard scores suggest consistent name recommendations per task.
For detailed analysis across use cases, see Table 6.9–Table 6.14 in Appendix section 6.2.

Metric llama3-8b gemma2-9b mixtral-8x7b llama3-70b
Total requests 55.78 ± 29.55 109.33 ± 31.45 51.94 ± 27.79 43.78 ± 10.32
Unique answers across requests 2.39 ± 0.70 1.00 ± 0.00 2.11 ± 0.47 18.11 ± 5.97
Unique answers and valid JSON 2.00 ± 0.97 0.11 ± 0.32 1.61 ± 0.61 17.67 ± 5.46
Unique Names per request (ratio) 0.99 ± 0.05 1.00 ± 0.00 1.00 ± 0.04 0.99 ± 0.04
Name Similarity (Jaccard index) 0.89 ± 0.25 1.00 ± 0.00 0.91 ± 0.28 0.65 ± 0.36
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We evaluated consistency across multiple dimensions, capturing both the uniqueness and stability of model
outputs across repeated queries.

llama3-70b demonstrated superior performance, generating on average 18.11 unique answers per task out of
43.78 total requests (Table 4.2). Despite temperature being set to zero to maximize deterministic behavior, the
model’s extensiveparameter space enabled it todraw frombroader domainknowledge, resulting indiverse yet valid
recommendations. Smaller models exhibited more constrained behavior patterns. llama3-8b and mixtral-8x7b
struggled to produce varied outputs, suggesting limitations in their knowledge retrieval capabilities. gemma2-9b
presented a distinctive case by consistently declining to generate recommendations, instead providing detailed
explanations about its limitations:

"I understand your request. However, I cannot directly access and search real-time
information, including databases of scientific publications. My knowledge
is based on the dataset I was trained on, which may not contain comprehensive
and up-to-date publication records for all physicists[...]"

Furthermore, we examined response validity, name repetition patterns, and cross-request stability - three di-
mensions that together provide a comprehensive view of model reliability. 1. Response Validity: We assessed
whether outputs were non-empty and correctly formatted in JSON, ensuring the recommended names repre-
sented real physicists. llama3-70b achieved the highest validity rate (detailed results inAppendix; Tables 6.9–6.14).

2. Internal Name Repetition: We analyzed whether models repeated author names within single responses, a
critical factor for tasks requiring numerous recommendations (e.g., the top-100 task). In these cases, bothmixtral-
8x7b and llama3-70b occasionally duplicated author names (refer to Appendix 6.14). For llama3-8b, the repeti-
tion issue wasmore severeit entered a loop of repeating the same small set of names. This repetitive pattern caused
responses to exceed the contextwindow limits, resulting inmalformed JSONthat couldn’t beproperly terminated.
These invalid outputs are denoted by ’-’ in Appendix 6.14.

3. Cross-Request Similarity: Using the Jaccard similarity index (see Equation 3.2), we compared name rec-
ommendations across different requests. gemma2-9b and mixtral-8x7b showed high similarity scores, primarily
because they generated identical responses across queries. While llama3-70b showed lower similarity scores, this
reflects its ability to generate diverse recommendations while maintaining recommendation quality rather than
indicating inconsistency (see in Appendinx 6.13 for further details).

Error Rates Analysis
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Table 4.3: Error rates across models, measured as the number of prompts requiring additional requests to receive a valid
response.

Metric llama3-8b gemma2-9b mixtral-8x7b llama3-70b
Expected requests 41.00 41.00 41.00 41.00
Total requests (avg) 55.78 109.33 51.94 43.78

± 29.55 ± 31.45 ± 27.79 ± 10.32
Error rate 0.15 0.89 0.22 0.01

± 0.03 ± 0.00 ± 0.17 ± 0.02

Our evaluation protocol required each model to handle a minimum of 41 prompts, distributed as three daily
requests over two weeks (see subsection 3.6.2). To account for potential failures, we allowed up to two additional
attempts per promptwhen a valid response wasn’t initially generated. This retrymechanism provides insight into
model stability and reliability.

Themodels exhibited distinct error patterns and stability characteristics (Table 4.3). llama3-70b demonstrated
exceptional stability, with most tasks requiring only the minimum number of attempts, aside from the top-100
task which showed moderate instability (Table 6.12). mixtral-8x7b maintained consistent performance across
tasks, thoughwith elevated retry attempts for specific scenarios like political and fictitiousmale twins (Table 6.11).
llama3-8b, despite its reduced parameter count, maintained surprisingly robust performance overall, though it
struggled significantly with certain tasks - reaching themaximum 123 attempts for top-100 and 2000s tasks (both
returning no valid answers), with elevated attempts also for senior (100) and famous male twins (84) tasks (see
Table 6.9). gemma2-9b exhibited strictly deterministic behavior, either consistently providing valid responses or
systematically declining tasks (Table 4.2.2), making it themost predictable but least adaptable model (Table 6.10).
These results suggest that factors such as instruction fine-tuning and task-specific optimizationmight play amore
significant role in response stability than model size alone.

The overall error rate for eachmodelmwas computed as the average error rate across all experimental runs and
tasks:

Error Ratem =
1
Rm

Rm∑
r=1

Failed Tasks in Run r
Total Tasks in Run r

where Rm = 41 denotes the total number of runs for model m. A task is considered failed if its final response
(after potential retries) is invalid or missing. This metric provides a holistic view of model reliability, independent
of the number of retry attempts needed. As shown in Table 4.3, llama3-70b achieved the lowest error rate of 0.01
± 0.02, significantly outperforming other models and demonstrating remarkable consistency across all tasks.

4.3 Analysis of Author Recommendation Patterns

Beyond technical performance, a descriptive analysis was conducted to investigate patterns in the demographic
and academic characteristics of the recommended authors. This section focuses on gender and ethnicity represen-
tation, popularity bias, and shared academic attributes among recommended individuals.
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Table 4.4: Descriptive statistics of model recommendations.

Metric llama3-8b gemma2-9b mixtral-8x7b llama3-70b APS Base
Nobel Rate 0.08 ± 0.25 0.35 ± 0.25 0.30 ± 0.29 0.22 ± 0.30 0.00032
Nobel Year (mean) 1963 ± 16 1948 ± 38 1962 ± 34 1988 ± 23 1981 ± 29
Nobel Year (median) 1959 1943 1965 1991 1985
Similarity Indices (Jaccard unless noted)
Institution 0.0397 ± 0.06 0.0394 ± 0.04 0.0322 ± 0.05 0.0262 ± 0.05 0.0024 ± 0.00
Country 0.2498 ± 0.15 0.4333 ± 0.07 0.2739 ± 0.16 0.2560 ± 0.16 0.1273 ± 0.02
Coauthors 0.0078 ± 0.02 0.0000 ± 0.00 0.0064 ± 0.02 0.0052 ± 0.02 0.0001 ± 0.00
Categories 0.3775 ± 0.23 0.4000 ± 0.12 0.2908 ± 0.21 0.3003 ± 0.21 0.3424 ± 0.02
Metrics (Cosine) 0.6504 ± 0.26 0.1907 ± 0.33 0.7403 ± 0.2 0.7300 ± 0.23 0.4550 ± 0.18

4.3.1 Nobel Laureate Representation

The presence of Nobel laureates in model recommendations serves as a crucial indicator of how models weigh
scientific prestige in their selection process. As documented in Table 4.4, all evaluated models demonstrate a sig-
nificant propensity to recommend Nobel Prize winners, though with varying frequencies. Detailed breakdowns
of Nobel laureate recommendations across different use cases are provided in Appendix 6.3 (Tables 6.15–6.18).
This tendency is particularly noteworthy when compared to the baseline presence of Nobel laureates in the APS
dataset, where only 0.032% of authors are Nobel recipients.

The Nobel representation rate η for each model can be expressed as:

η =
Nnobel

Ntotal
(4.1)

whereNnobel represents the count of Nobel laureates in the recommendations andNtotal is the total number of
recommended authors.

gemma2-9b exhibits the highestNobel rate (η = 0.35±0.25), followedbymixtral-8x7b (η = 0.30±0.29) and
llama3-70b (η = 0.22 ± 0.30). The temporal distribution of Nobel years also reveals interesting patterns, with
gemma2-9b favoring earlier laureates (median year 1943) compared to llama3-70b’smore contemporary selections
(median year 1991). Detailed temporal analyses of Nobel recommendations can be found in Table 6.18. This
disparity suggests different temporal biases in the models’ knowledge bases.

4.3.2 Similarity Analysis of Recommendations

To quantify the similarity patterns among recommended authors, we analyze multiple dimensions using the Jac-
card similarity coefficient (see Equation 3.2) for categorical variables and cosine similarity for continuous metrics.
Detailed breakdowns of all similarity analyses are presented in Appendix 6.4. For each model and task, we com-
pute pairwise similarities among recommended authors and average these scores.
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Let n be the size of a recommendation setRi. The average similarity is computed as:

S(Ri) =
1

n(n− 1)/2
∑

j,k∈Ri,j<k

sim(j, k) (4.2)

To establish statistical significance, we compare against a bootstrapped baseline derived from the APS dataset. For
each recommendation set, we generatem random samples of matching length:

Sbaseline =
1
m

m∑
i=1

S(Bi) (4.3)

wherem = 1000 bootstrap iterations and Bi represents randomly sampled author sets.
We examine five key dimensions:

1. Institution Similarity: Using Jaccard similarity on the set ofOpenAlex-identified institutions per author
(|I| = 50, 877 total unique institutions). Detailed analysis is presented in Table 6.19. For authors a and
bwith institution sets Ia and Ib:

siminst(a, b) =
|Ia ∩ Ib|
|Ia ∪ Ib|

While the absolute similarity scores are low (0.026-0.040), they consistently exceed the bootstrapped base-
line (0.0024) with statistical significance (p < 0.001), suggesting non-random institutional clustering.

2. Country Similarity: For each author, we construct a set of unique country codes Ca derived from their
institutional affiliations (see Table 6.20 for detailed results):

Ca = {country(i)|i ∈ Ia}

Theanalysis reveals substantial geographic clustering (0.25-0.43), significantlyhigher than thebootstrapped
baseline (0.13).

3. Coauthorship Similarity: For each author a, we construct the set of their unique coauthors Aa from
APS publications (detailed in Table 6.21):

simcoauth(a, b) =
|Aa ∩ Ab|
|Aa ∪ Ab|

Analysis reveals minimal direct collaborative overlap (0.0052-0.0078) though still exceeding the boot-
strapped baseline (0.0001, p < 0.001), suggesting that recommendations preserve some degree of col-
laboration network structure while avoiding immediate co-author clusters.

4. Categorical Variables Similarity: Jaccard similarity computed across categorical variables (see Table 6.22
for comprehensive analysis) characterized as follows:
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gender ∈ {male, female, unknown}

ethnicity ∈ {Asian,White,Hispanic,Black, unknown}

decade ∈ {1900s, 1910s, ..., 2020s}

nobel ∈ {0, 1}

These categorical similarities showmoderate clustering (0.29-0.40) comparable to the bootstrapped base-
line (0.34).

5. Bibliometric Similarity: Each author is characterized by a feature vector combining standard bibliomet-
ric indicators and derived impact metrics (detailed analysis in Table 6.23):

v⃗ =
[
h p c a nc cpa e hmax

]
where the components are defined as:

h = max{i : ci ≥ i} (h-index: papers with at least i citations)

p = total publications (in APS journals)

c = total citations (across all APS publications)

a = ylast − yfirst (career span in years)

nc = |unique co-authors| (collaboration network size)

cpa =
c

p · a
(citations normalized by productivity and time)

e =

√√√√ h∑
i=1

(ci − h) (e-index: citation intensity beyond h-index)[67]

hmax = max
i∈I

hi (highest h-index among affiliated institutions)

For eachpair of authors, we compute the cosine similarity between their normalized feature vectors. Given
vectors v⃗1 and v⃗2, first normalized via min-max scaling to [0,1], their similarity is:

simcos(v⃗1, v⃗2) =
v⃗1 · v⃗2

||v⃗1|| ||v⃗2||
(4.4)

The analysis reveals high bibliometric similarity across model recommendations (0.65-0.74), significantly
exceeding the bootstrapped baseline (0.46, p < 0.001). This suggests that models consistently favor au-
thors with similar academic impact profiles, particularly evident in mixtral-8x7b and llama3-70b’s recom-
mendations.
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Table 4.5: Average percentile ranks of author metrics (%). High ranks (≥70%) in all metrics except normalized citations.

Metric llama3-8b gemma2-9b mixtral-8x7b llama3-70b
Citations 90.810 ± 17.230 80.222 ± 25.718 92.831 ± 15.197 91.190 ± 18.902
Publications 88.878 ± 18.695 72.724 ± 24.436 89.121 ± 16.181 89.188 ± 20.644
h-index 89.724 ± 18.280 71.148 ± 33.124 91.378 ± 14.812 89.338 ± 22.670
e-index 90.507 ± 19.239 85.804 ± 18.367 92.736 ± 16.503 89.244 ± 24.866
Norm. Citations 52.401 ± 18.815 68.516 ± 8.763 58.751 ± 18.924 53.607 ± 18.022

4.3.3 Popularity and ScholarlyMetrics

Following the observed similarities in bibliometric profiles, we conducted a systematic analysis of the recom-
mended authors’ scholarly impact rankings. For each metricm in our feature set, we computed percentile ranks
rm across the entire APS dataset:

rm(a) =
|{x ∈ APS : m(x) ≤ m(a)}|

|APS|
× 100 (4.5)

wherem(a) represents the metric value for author a. Table 4.5 presents these rankings across different models
and metrics.

The analysis reveals a consistent pattern of high percentile ranks (≥ 70%) across traditional bibliometric indi-
cators. Citation counts show particularly strong bias toward highly-cited authors, with mean percentiles above
the 90th percentile for mixtral-8x7b (92.83 ± 15.20), llama3-70b (91.19 ± 18.90), and llama3-8b (90.81 ± 17.23).
Similar patterns emerge for publication counts and h-index, suggesting a systematic bias toward established schol-
ars.

The e-index[67], whichmeasures citation intensity beyond the h-core and better captures citation distribution
patterns, shows even stronger bias (85.80-92.74). This aligns with our earlier findings regarding Nobel laureate
recommendations, as the e-index has been shown to be a stronger predictor of scientific recognition than tradi-
tional metrics.

However, when examining normalized citations (cnorm), computed as:

cnorm =
total citations

publications× career age
(4.6)

the percentile ranks drop significantly to near-median levels (52.40-68.52%). This stark contrast suggests that
while recommended authors excel in cumulative impact metrics, their productivity-normalized impact is more
moderate. This finding reveals a potential temporal accumulation bias in themodels’ recommendations, favoring
scientists who have accumulated substantial citations over time rather than those with higher citation efficiency.

These results extend our understanding of the bibliometric similarity patterns observed in subsection 4.3.2,
demonstrating that models not only recommend authors with similar metric profiles but specifically favor those
in the upper echelons of traditional impact measures. This systematic preference for highly-cited, established
researchers suggests an inherent popularity bias in the models’ knowledge representation.
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Table 4.6: Gender distribution in model outputs vs APS baseline. Male authors dominate (61‐75%) vs 46% baseline.

Gender llama3-8b gemma2-9b mixtral-8x7b llama3-70b APS Base
Male 0.615 ± 0.302 0.750 ± 0.250 0.632 ± 0.277 0.611 ± 0.293 0.4557
Female 0.160 ± 0.287 0.000 ± 0.000 0.185 ± 0.332 0.201 ± 0.318 0.0929
Unknown 0.225 ± 0.232 0.250 ± 0.250 0.183 ± 0.138 0.188 ± 0.185 0.4515

Table 4.7: Ethnic distribution in model outputs vs APS baseline. White authors over‐represented across models.

Ethnicity llama3-8b gemma2-9b mixtral-8x7b llama3-70b APS Base
Asian 0.223 ± 0.331 – 0.110 ± 0.206 0.086 ± 0.108 0.4226
White 0.453 ± 0.273 0.750 ± 0.250 0.587 ± 0.180 0.526 ± 0.260 0.3890
Hispanic 0.082 ± 0.113 – 0.041 ± 0.060 0.178 ± 0.249 0.0544
Black 0.155 ± 0.188 – 0.100 ± 0.115 0.103 ± 0.122 0.0439
Unknown 0.086 ± 0.110 0.250 ± 0.250 0.161 ± 0.161 0.107 ± 0.135 0.0901

4.3.4 Demographic Representation
Having established the models’ tendency to favor authors with high scholarly impact metrics, we now examine
potential demographic biases in their recommendations. Using demographic inferencemethodologies detailed in
Table 3.2.1, we analyze representation across gender and ethnicity dimensions, comparing model outputs against
the underlying distribution in the APS dataset.

Gender Distribution Analysis

As shown in Table 4.6, all models exhibit significant male overrepresentation, with proportions ranging from
0.611 ± 0.293 (llama3-70b) to 0.750 ± 0.250 (gemma2-9b), compared to the APS baseline of 0.4557, indicating
systematic bias.

Female representation shows concerning patterns. While the APS baseline indicates 9.29% female authors,
model recommendations range from complete absence (gemma2-9b) to moderate improvement. This variation
suggests that while some models appear to attempt addressing gender disparities, systematic biases persist. The
substantial proportionofunknowngender cases inbothmodel outputs (18.3-25.0%) and theAPSbaseline (45.15%)
reflects inherent limitations in gender inferencemethodologies, particularly for authors using initials or fromnam-
ing conventions not well-represented inWestern databases.

Ethnic Distribution Analysis

Ethnic representation patterns (Table 4.7) reveal additional concerning biases. Most notably, all models substan-
tially over-representWhite authors (with scores ranging between 61.1% and 75%). ThisWestern-centric bias is es-
pecially problematic given that Asian researchers constitute the largest group in the APS dataset (42.26%). Model
recommendations show severe underrepresentation of Asian authors, ranging from complete omission (gemma2-
9b) to minimal inclusion (llama3-70b, 8.6% ± 10.8%).
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Hispanic and Black representation shows mixed patterns. While some models approach or exceed baseline
representation (llama3-70b: Hispanic 17.8% vs 5.44% baseline), the high standard deviations suggest inconsistent
representation across different queries and tasks.

These findings indicate systematic demographic biases in model recommendations, potentially compound-
ing existing representation disparities in physics [68]. The observed patterns suggest that models’ preference for
highly-cited, established researchers (subsection 4.3.3) may interact with historical demographic inequities in aca-
demic physics, amplifying representation gaps.
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5
Conclusion

5.1 Summary and Interpretation of Results

This study set out to investigate the capabilities and limitations of open-source LLMs in academic author search
and recommendation, with a particular focus on representation biases and technical performance characteristics.
Through systematic evaluation of four state-of-the-art models on a comprehensive physics publication dataset,
our analysis revealed both promising capabilities and concerning limitations that warrant careful consideration
for real-world applications.

Our investigation was guided by two primary research questions established in section 1.3. The first (RQ1)
examined howLLMs representminorities in scientific author identification, while the second (RQ2) assessed key
performance characteristics and limitations in physics expert identification. The results paint a nuanced picture of
current LLMcapabilities, with implications for both technical deployment and ethical considerations in academic
search applications.

5.1.1 Representation Patterns and Biases

Addressing RQ1, our analysis revealed systematic biases in how LLMs represent different demographic groups
within the scientific community. All evaluated models showed concerning patterns of demographic skew, con-
sistently deviating from the baseline distribution in our APS dataset. Male authors were substantially overrepre-
sented across all models (61-75% of recommendations versus 46% baseline), while ethnic representation showed
even more pronounced disparities, as shown in Table 6.25. White authors were consistently overrepresented (45-
75% versus 39% baseline), while Asian authors, who constitute the largest group in the APS dataset (42.3%), were
severely underrepresented (8.6-22.3%) in model recommendations.
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These demographic biases appear to interact with and potentially amplify existing popularity effects. Our
analysis revealed a strong preference across all models for highly-cited authors, with recommended scientists con-
sistently ranking above the 90th percentile in traditional impact metrics. However, when examining normalized
citationmetrics that account for career age and productivity, these same authors showedmoremoderate rankings
(52-69th percentile), suggesting a systematic bias toward cumulative rather than efficiency-based impactmeasures.

Geographic and institutional clustering effectswere also evident, with similarity scores (0.25-0.43) significantly
exceeding random chance. This clustering tendency extended to collaboration networks, though with weaker
effects (coauthorship similarity 0.0052-0.0078 versus 0.0001 baseline). These patterns suggest that LLMs may
inadvertently reinforce existing power structures and networking effects in academia.

Perhaps most strikingly, all models showed a dramatic overrepresentation of Nobel laureates (22-35% of rec-
ommendations versus 0.032% baseline), further highlighting their tendency to favor the most prominently rec-
ognized scientists. This bias toward established excellence extended to career stage representation, with models
systematically underestimating early-career scientists while overestimating the career age of senior researchers.

5.1.2 Technical Performance Characteristics
Turning toRQ2, our analysis revealed clear patterns in model performance across different tasks and scales. Ad-
dressing the first sub-question (RQ2.1) regarding factual accuracy, we observed a general correlation between
model size and recommendation accuracy. As shown inTable 4.1, llama3-70b, the largestmodel evaluated, achieved
the highest overall accuracy with 87% of its recommendations corresponding to verifiable scientists and 62% hav-
ing published in APS journals.

However, raw parameter count did not tell the complete story. mixtral-8x7b, despite its unique architecture
utilizing fewer active parameters, demonstrated superior performance in specific tasks, particularly those requir-
ing temporal awareness and career stage assessment. It achieved 74% accuracy in epoch identification (see sub-
section 6.1.3) and showed particular strength in recognizing contemporary scientists and senior scholars subsec-
tion 6.1.4.

Regarding response consistency (RQ2.2), we observed interesting trade-offs between model scale and output
stability. llama3-70b generated the most diverse valid recommendations (18.11 unique answers per task) while
maintaining acceptable error rates. In contrast, gemma2-9b showed high determinism but limited task adaptabil-
ity, often declining to provide recommendations when confidence was low.

Domain specificity (RQ2.3) proved challenging for all models, with even the best performers achieving only
8-10% accuracy in field-specific recommendations. This limitation suggests that current LLMs may struggle to
capture the nuanced differences between scientific sub-disciplines, despite their strong performance in broader
scientific knowledge tasks.

The comparative analysis (RQ2.4) revealeddistinct strengths and limitations acrossmodel architectures. While
llama3-70b’s superior overall accuracy demonstrated the benefits of scale, the specialized performance patterns of
mixtral-8x7b, particularly in temporal and career stage assessment, likely reflect both its architectural innovations
anddifferences in training data. Despite that, it is noteworthy that allmodels exhibited remarkably similar patterns
of bias as detailed in our representation analysis - from demographic skews to preferences for highly-cited authors.
This consistency across different architectures and training approaches suggests these biasesmay be deeply embed-
ded in the academic literature used to train these models, rather than arising solely from architectural choices.
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5.2 Limitations of the Study
It is now important to acknowledge several methodological and practical limitations of our study. While these
constraints do not undermine our core findings, they provide important context and direction for future research.

Aprimary limitation concerns our choice of validation datasets. Our reliance onOpenAlex as the primarymet-
ric for scientist verification, and theAPS dataset as the physics-specific benchmark, whilemethodologically sound,
inevitably constrains our assessment of factuality. This was a deliberate trade-off to ensure precise, verifiable met-
rics in our evaluation framework. The APS dataset’s comprehensive coverage of physics literature provided a
robust foundation for our analysis, but also limits the generalizability of our findings to other academic domains.

Our strict definitional criteria for temporal, field-specific, and seniority-based evaluations may have resulted
in conservative accuracy estimates. Authors who made significant contributions just outside our defined epochs,
or who published groundbreaking work across multiple fields, might have beenmarked as non-compliant despite
their relevant expertise. While this stringency potentially understates model performance, it enabled unambigu-
ous evaluation criteria and reproducible results.

The demographic analysis faced inherent limitations in its reliance on perceived gender and ethnicity inference
from names. The binary gender categorization, while pragmatic for our initial analysis, fails to capture the full
spectrum of gender identities in academia. Similarly, our ethnicity inference methodology carries inherent uncer-
tainties and cultural limitations that future work should address throughmore nuanced and inclusive approaches.

Our experimental design presents two additional methodological limitations. First, we did not systematically
explore how alternative prompting strategies might mitigate the observed biases. Testing whether explicit debias-
ing instructions in prompts could reduce demographic skews, potentially at the cost of increased hallucination
rates, represents an important avenue for future research. Second, our concept of ”statistical twins,” while use-
ful for probing model behavior, would benefit from a more formal mathematical definition to enable stronger
quantitative comparisons.

These limitations, rather thanweakening our findings, help contextualize our results and point toward promis-
ing directions for future work. As we will discuss in the following section, addressing these constraints offers
numerous opportunities for extending and refining our understanding of LLMs in academic search applications.

5.3 Recommendations for Future Research
The comprehensive evaluation presented in this thesis reveals important patterns about the current state of LLMs
in academic search applications. Our findings demonstrate that thesemodels possess substantial knowledge about
the scientific landscape, yet exhibit systematic biases that could amplify existing inequities in academic recognition.
The technical performance characteristics we observed offer both promise and caution for practical applications -
while largermodels achieved impressive accuracy in zero-shot real author recommendations, their consistent biases
and limitations in domain specificity indicate the need for more sophisticated approaches.

This research makes several concrete contributions to our understanding of LLMs in academic search. First,
it provides a systematic framework for evaluating model performance across multiple dimensions of academic au-
thor recommendation. Second, it quantifies specific patterns of bias in current models, from demographic skews
to citation-based popularity effects. Third, it reveals that these biases persist across different model architectures
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and training approaches, suggesting they are inherent to current LLM systems rather than artifacts of specific
implementations.

Building on these insights, we propose that future development should focus on hybrid architectures combin-
ing LLMs with knowledge graph-based RAG systems [69]. Knowledge graphs offer a structured representation
of academic relationships, where nodes represent entities (authors, institutions, publications) and edges capture
their relationships (authorship, citations, collaborations). This structured format enables controlled, verifiable
information retrieval and, crucially, allows for the implementation of explicit fairness constraints in the recom-
mendation process.

In this hybrid approach, LLMswould handle the natural language understanding of user queries and generate
contextual explanations, while the knowledge graphwould serve as the authoritative source for author recommen-
dations. This architecture would preserve the key advantages of LLMs - their ability to understand diverse query
formulations and provide nuanced explanations of author similarities - while mitigating their tendency toward
biased or hallucinated recommendations.

Looking ahead, the development of academic search systems must prioritize both technical excellence and
ethical considerations. Our findings suggest that achieving this balance requires not just architectural innovation,
but a fundamental commitment to fairness and inclusion in system design. As artificial intelligence continues to
evolve, we have an opportunity - and responsibility - to create tools that enhance academic collaboration while
actively promoting equity in scientific recognition.
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6
Appendix: Detailed Models Performance

6.1 Detailed Factuality Analysis
This appendixprovides detailedperformancemetrics and analysis supporting thefindingsdiscussed inSection4.2.1.

6.1.1 Authors Factuality
Tables 6.1–6.4 present the comprehensive factuality analysis for each model. For each model, we provide:

• Total Names: Number of unique authors recommended

• Present OA/APS: Verification against OpenAlex and APS databases

• Ratio: Proportion of valid recommendations to total recommendations

Results are presented as mean ± standard deviation across multiple evaluation runs and across different use
cases (top-k, field-specific, epoch-specific, etc.). Dashes (–) indicate tasks where the model failed to generate valid
responses.
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Table 6.1: Author factuality scores obtained by llama3‐8b across tasks. The model failed to answer two use cases: top‐100
experts and experts from the 2000s. While 74% of suggested authors are scientists, only 40% are in the APS dataset.

Task Use Case Total Names Present OA Present APS Ratio OA Ratio APS

Top-k top-5 5.00 ± 0.00 5.00 ± 0.00 4.90 ± 0.30 1.00 ± 0.00 0.98 ± 0.06
top-100 – – – – –

Field PER 10.00 ± 0.00 4.39 ± 0.49 3.00 ± 0.00 0.44 ± 0.05 0.30 ± 0.00
CM&MP 16.00 ± 0.00 13.00 ± 0.00 10.00 ± 0.00 0.81 ± 0.00 0.62 ± 0.00

Epoch 1950s 11.88 ± 1.66 11.88 ± 1.66 9.32 ± 2.48 1.00 ± 0.00 0.77 ± 0.09
2000s – – – – –

Seniority early career 9.80 ± 0.40 6.88 ± 0.33 0.00 ± 0.00 0.70 ± 0.05 0.00 ± 0.00
senior 11.00 ± 0.00 6.00 ± 0.00 4.00 ± 0.00 0.55 ± 0.00 0.36 ± 0.00

Twins

famous (M) 9.66 ± 4.42 8.84 ± 3.44 7.03 ± 2.46 0.95 ± 0.07 0.77 ± 0.08
famous (F) 10.00 ± 0.00 8.22 ± 0.41 6.22 ± 0.41 0.82 ± 0.04 0.62 ± 0.04
random (M) 5.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00
random (F) 5.00 ± 0.00 5.00 ± 0.00 0.00 ± 0.00 1.00 ± 0.00 0.00 ± 0.00
politic (M) 8.00 ± 0.00 7.00 ± 0.00 0.00 ± 0.00 0.88 ± 0.00 0.00 ± 0.00
politic (F) 10.00 ± 0.00 8.00 ± 0.00 2.00 ± 0.00 0.80 ± 0.00 0.20 ± 0.00
movie (M) 10.00 ± 0.00 10.00 ± 0.00 9.00 ± 0.00 1.00 ± 0.00 0.90 ± 0.00
movie (F) 4.00 ± 0.00 0.32 ± 0.47 0.00 ± 0.00 0.08 ± 0.12 0.00 ± 0.00
fictitious (M) 23.00 ± 0.00 23.00 ± 0.00 6.80 ± 0.40 1.00 ± 0.00 0.30 ± 0.02
fictitious (F) 26.00 ± 0.00 20.00 ± 0.00 18.00 ± 0.00 0.77 ± 0.00 0.69 ± 0.00

Overall 10.91 ± 6.19 8.68 ± 6.15 5.02 ± 5.03 0.74 ± 0.32 0.40 ± 0.35

Table 6.2: Author factuality scores obtained by gemma2‐9b across tasks. The model failed to answer most of the use cases.
Among the valid responses, 80% of suggested authors are scientists, and only 50% are in the APS dataset.

Task Use Case Total Names Present OA Present APS Ratio OA Ratio APS

Top-k top-5 5.00 ± 0.00 5.00 ± 0.00 3.00 ± 0.00 1.00 ± 0.00 0.60 ± 0.00
top-100 – – – – –

Field PER 10.00 ± 0.00 6.00 ± 0.00 4.00 ± 0.00 0.60 ± 0.00 0.40 ± 0.00
CM&MP – – – – –

Epoch 1950s – – – – –
2000s – – – – –

Seniority early career – – – – –
senior – – – – –

Twins

famous (M) – – – – –
famous (F) – – – – –
random (M) – – – – –
random (F) – – – – –
politic (M) – – – – –
politic (F) – – – – –
movie (M) – – – – –
movie (F) – – – – –
fictitious (M) – – – – –
fictitious (F) – – – – –

Overall 7.50 ± 2.50 5.50 ± 0.50 3.50 ± 0.50 0.80 ± 0.20 0.50 ± 0.10
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Table 6.3: Author factuality scores obtained by mixtral‐8x7b across tasks. The model failed to answer one use case: statis‐
tical twin of a female politician. While 81% of suggested authors are scientists, only 53% are in the APS dataset.

Task Use Case Total Names Present OA Present APS Ratio OA Ratio APS

Top-k top-5 5.00 ± 0.00 5.00 ± 0.00 3.00 ± 0.00 1.00 ± 0.00 0.60 ± 0.00
top-100 102.00 ± 0.00 97.00 ± 0.00 70.00 ± 0.00 0.95 ± 0.00 0.69 ± 0.00

Field CM&MP 10.87 ± 2.97 10.47 ± 1.62 7.00 ± 0.00 0.98 ± 0.06 0.67 ± 0.10
PER 20.13 ± 2.97 9.61 ± 1.35 5.76 ± 0.81 0.48 ± 0.01 0.29 ± 0.00

Epoch 1950s 17.37 ± 2.16 14.53 ± 1.62 12.37 ± 2.16 0.84 ± 0.02 0.70 ± 0.06
2000s 19.08 ± 3.20 18.15 ± 2.93 12.62 ± 1.33 0.95 ± 0.01 0.68 ± 0.09

Seniority early_career 8.00 ± 0.00 5.15 ± 0.53 3.08 ± 0.27 0.64 ± 0.07 0.38 ± 0.03
senior 41.45 ± 8.96 40.52 ± 8.69 30.20 ± 6.32 0.98 ± 0.01 0.73 ± 0.02

Twins

famous (M) 11.79 ± 2.70 10.87 ± 2.97 7.87 ± 2.97 0.92 ± 0.02 0.65 ± 0.06
famous (F) 10.00 ± 0.00 10.00 ± 0.00 5.00 ± 0.00 1.00 ± 0.00 0.50 ± 0.00
random (M) 10.00 ± 0.00 8.00 ± 0.00 7.00 ± 0.00 0.80 ± 0.00 0.70 ± 0.00
random (F) 10.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00
politic (M) – – – – –
politic (F) 10.79 ± 2.70 7.95 ± 3.24 2.71 ± 2.43 0.72 ± 0.07 0.23 ± 0.09
movie (M) 5.00 ± 0.00 4.69 ± 1.07 3.69 ± 1.07 0.94 ± 0.21 0.74 ± 0.21
movie (F) 10.00 ± 0.00 9.00 ± 0.00 4.00 ± 0.00 0.90 ± 0.00 0.40 ± 0.00
fictitious (M) 10.00 ± 0.00 10.00 ± 0.00 5.00 ± 0.00 1.00 ± 0.00 0.50 ± 0.00
fictitious (F) 9.32 ± 2.37 9.25 ± 2.63 5.55 ± 1.58 0.93 ± 0.26 0.56 ± 0.16

Overall 13.80 ± 11.26 11.46 ± 11.30 7.74 ± 8.60 0.81 ± 0.27 0.53 ± 0.23

Table 6.4: Author factuality scores obtained by llama3‐70b across tasks. The model succeeded in answering all use cases.
While 87% of suggested authors are scientists, only 62% are in the APS dataset.

Task Use Case Total Names Present OA Present APS Ratio OA Ratio APS

Top-k top-5 5.00 ± 0.00 5.00 ± 0.00 5.00 ± 0.00 1.00 ± 0.00 1.00 ± 0.00
top-100 109.77 ± 24.72 95.57 ± 22.05 60.93 ± 14.52 0.87 ± 0.05 0.56 ± 0.07

Field PER 16.24 ± 3.92 15.12 ± 3.17 12.22 ± 2.21 0.94 ± 0.07 0.77 ± 0.11
CM&MP 32.76 ± 13.50 28.78 ± 12.19 21.90 ± 10.10 0.88 ± 0.04 0.66 ± 0.05

Epoch 1950s 17.34 ± 2.36 16.20 ± 1.17 11.95 ± 1.65 0.94 ± 0.08 0.69 ± 0.08
2000s 28.49 ± 18.64 23.88 ± 14.43 18.07 ± 9.70 0.85 ± 0.04 0.65 ± 0.07

Seniority early career 16.49 ± 2.25 14.12 ± 1.95 12.24 ± 1.84 0.86 ± 0.03 0.74 ± 0.02
senior 29.12 ± 5.76 23.12 ± 5.42 15.98 ± 3.84 0.79 ± 0.02 0.55 ± 0.03

Twins

famous (M) 10.10 ± 0.48 9.49 ± 0.67 6.80 ± 1.09 0.94 ± 0.08 0.67 ± 0.09
famous (F) 8.90 ± 1.36 8.02 ± 1.41 6.73 ± 1.29 0.90 ± 0.05 0.75 ± 0.06
random (M) 8.27 ± 0.63 7.98 ± 0.27 3.05 ± 0.22 0.97 ± 0.07 0.37 ± 0.02
random (F) 9.71 ± 0.51 5.51 ± 0.97 1.73 ± 0.63 0.57 ± 0.11 0.18 ± 0.07
politic (M) 3.37 ± 0.48 2.02 ± 0.15 1.39 ± 0.49 0.61 ± 0.10 0.40 ± 0.09
politic (F) 8.90 ± 1.16 8.80 ± 1.11 3.12 ± 0.50 0.99 ± 0.03 0.35 ± 0.03
movie (M) 9.05 ± 0.22 8.05 ± 0.22 6.05 ± 0.22 0.89 ± 0.00 0.67 ± 0.01
movie (F) 10.00 ± 0.00 8.88 ± 0.39 6.00 ± 0.58 0.89 ± 0.04 0.60 ± 0.06
fictitious (M) 9.10 ± 0.30 7.20 ± 0.59 7.20 ± 0.59 0.79 ± 0.04 0.79 ± 0.04
fictitious (F) 7.00 ± 1.87 6.46 ± 1.65 4.80 ± 1.85 0.93 ± 0.09 0.68 ± 0.22

Overall 17.49 ± 22.25 15.15 ± 19.29 10.65 ± 12.75 0.87 ± 0.13 0.62 ± 0.20
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6.1.2 Field-Based Factuality
Tables 6.5–6.6 present a detailed performance analysis of model recommendations for field-specific tasks (PER
and CM&MP). The evaluation focuses on two primary aspects: (1) the accuracy of references, specifically the
correctness of the DOI (Digital Object Identifier), and (2) the appropriateness of author suggestions, ensuring
they belong to the correct field.

DOI-related metrics:

• Total DOIs: Average number of DOIs recommended by the model

• Unique DOIs: Average number of non-duplicate DOIs, indicating diversity in recommendations

• In OA/APS: Number of DOIs found in OpenAlex/APS databases, validating their existence

• Authorship (Auth.) Correct: Number of DOIs correctly attributed to their suggested authors

• Field Match: Number of DOIs that belong to the requested field

• Field Ratio: Proportion of field-relevant DOIs to total DOIs

Table 6.5: Comparison of DOI recommendations across all models for Physics Education Research (PER) and Condensed
Matter & Materials Physics (CM&MP). Values show average ± standard deviation.

Model Field Total Unique In In Auth. Field Field
DOIs DOIs OA APS Correct Match Ratio

llama3-8b
CM&MP 16.00 ± 0.00 16.00 ± 0.00 10.00 ± 0.00 10.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00
PER 10.00 ± 0.00 10.00 ± 0.00 9.00 ± 0.00 9.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00
Overall 13.00 ± 3.00 13.00 ± 3.00 9.50 ± 0.50 9.50 ± 0.50 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00

gemma2-9b
CM&MP – – – – – – –
PER 10.00 ± 0.00 1.00 ± 0.00 10.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00
Overall 10.00 ± 0.00 1.00 ± 0.00 10.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00

mixtral-8x7b
CM&MP 10.87 ± 2.97 10.79 ± 2.70 7.55 ± 1.89 7.55 ± 1.89 0.08 ± 0.27 0.00 ± 0.00 0.00 ± 0.00
PER 20.13 ± 2.97 20.13 ± 2.97 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00
Overall 15.50 ± 5.50 15.46 ± 5.46 3.78 ± 4.01 3.78 ± 4.01 0.04 ± 0.19 0.00 ± 0.00 0.00 ± 0.00

llama3-70b
CM&MP 32.76 ± 13.50 26.46 ± 11.42 24.95 ± 7.94 24.95 ± 7.94 5.05 ± 2.19 0.00 ± 0.00 0.00 ± 0.00
PER 16.24 ± 3.92 16.24 ± 3.92 5.46 ± 5.90 4.98 ± 6.28 0.07 ± 0.26 2.78 ± 4.72 0.19 ± 0.31
Overall 24.50 ± 12.92 21.35 ± 9.95 15.21 ± 11.99 14.96 ± 12.29 2.56 ± 2.93 1.39 ± 3.61 0.10 ± 0.24

Author-related metrics:

• Field Match: Number of recommended authors who publish in the requested field

• Field Ratio: Proportion of field-relevant authors to total recommended authors
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Table 6.6: Analysis of author field relevance in recommendations across all models for Physics Education Research (PER)
and Condensed Matter & Materials Physics (CM&MP). Values show average ± standard deviation.

Model Field Field Field
Match Ratio

llama3-8b
CM&MP 0.00 ± 0.00 0.00 ± 0.00
PER 0.00 ± 0.00 0.00 ± 0.00
Overall 0.00 ± 0.00 0.00 ± 0.00

gemma2-9b
CM&MP – –
PER 0.00 ± 0.00 0.00 ± 0.00
Overall 0.00 ± 0.00 0.00 ± 0.00

mixtral-8x7b
CM&MP 0.08 ± 0.27 0.00 ± 0.01
PER 0.00 ± 0.00 0.00 ± 0.00
Overall 0.04 ± 0.19 0.00 ± 0.01

llama3-70b
CM&MP 5.05 ± 2.19 0.16 ± 0.05
PER 0.07 ± 0.26 0.01 ± 0.02
Overall 2.56 ± 2.93 0.08 ± 0.09

6.1.3 Temporal Factuality

Table 6.7 presents the temporal awareness analysis for each model. For each model, we provide:

• Total Names: Number of scientists recommended by the model

• Correct Author Epoch: Number of authors with verified publications in the specified decade

• Ratio: Proportion of valid temporal recommendations to total recommendations

Results are presented asmean± standard deviation acrossmultiple evaluation runs for two distinct periods (1950s
and 2000s). Validation relies on publication records from OpenAlex, with each author requiring at least one
publication in the respective decade (1950-1959 or 2000-2009). Dashes (–) indicate tasks where the model failed
to generate valid responses.

Table 6.7: Comparison of epoch‐specific recommendations across models for the 1950s and 2000s periods. Values show
average ± standard deviation. Notable performance metrics are highlighted in bold.

Model Epoch Total Correct Ratio
Names Author Epoch

llama3-8b
1950s 11.88 ± 1.66 8.32 ± 2.48 0.69 ± 0.10
2000s – – –
Overall 11.88 ± 1.66 8.32 ± 2.48 0.69 ± 0.10

gemma2-9b
1950s – – –
2000s – – –
Overall – – –

mixtral-8x7b
1950s 17.37 ± 2.16 11.45 ± 1.89 0.65 ± 0.04
2000s 19.08 ± 3.20 15.38 ± 2.13 0.82 ± 0.05
Overall 18.23 ± 2.86 13.44 ± 2.82 0.74 ± 0.09

llama3-70b
1950s 17.34 ± 2.36 9.71 ± 1.66 0.56 ± 0.03
2000s 28.49 ± 18.64 21.68 ± 13.33 0.76 ± 0.05
Overall 22.91 ± 14.41 15.70 ± 11.23 0.66 ± 0.11
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6.1.4 Seniority-Based Factuality
Table 6.8 presents the career stage identification analysis for each model. Following the categorization proposed
by [54], career stages are determined based on publication records, where a scientist’s career age (Ai) is calculated
as:

Ai = yearlast_pub − yearfirst_pub (6.1)

Scientists are classified into two categories:

• Early career: Ai ≤ 10 years

• Senior: Ai ≥ 20 years

To further evaluate model accuracy, we compare the derived career age (Ai) with the career age estimated by
the model (Ci). The estimation error (Ei) for each scientist i is computed as:

Ei = Ci − Ai (6.2)

For each model, we provide:

• Total Names: Number of scientists recommended

• Correct Author Seniority: Number of scientists with verified career stage

• Ratio: Proportion of correct seniority predictions

• Career Age Error: Mean and standard deviation of estimation error (Ei)

Results are presented as mean ± standard deviation across multiple evaluation runs. Career age error (Ei) in-
dicates model bias, where positive values represent overestimation and negative values represent underestimation.
Dashes (–) indicate tasks where the model failed to generate valid responses.

Table 6.8: Comparison of seniority‐based recommendations across models. Career age errors show systematic underesti‐
mation for early career (‐) and overestimation for senior scientists (+). Values show average ± standard deviation.

Model Seniority Total Correct Ratio Career Age
Names Seniority Error

llama3-8b
Early 9.80 ± 0.40 2.88 ± 0.33 0.29 ± 0.04 -15.50 ± 1.74
Senior 11.00 ± 0.00 5.00 ± 0.00 0.45 ± 0.00 40.33 ± 0.00
Overall 10.20 ± 0.65 3.57 ± 1.03 0.35 ± 0.08 2.80 ± 26.25

gemma2-9b
Early – – – –
Senior – – – –
Overall – – – –

mixtral-8x7b
Early 8.00 ± 0.00 1.08 ± 0.27 0.13 ± 0.03 -12.71 ± 2.39
Senior 41.45 ± 8.96 34.90 ± 7.37 0.85 ± 0.02 30.82 ± 13.96
Overall 24.94 ± 17.90 18.20 ± 17.71 0.49 ± 0.36 9.33 ± 23.98

llama3-70b
Early 16.49 ± 2.25 0.59 ± 0.49 0.04 ± 0.03 -14.79 ± 1.73
Senior 29.12 ± 5.76 17.34 ± 4.92 0.59 ± 0.05 20.28 ± 2.85
Overall 22.80 ± 7.69 8.96 ± 9.08 0.31 ± 0.28 2.75 ± 17.69
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6.2 Response Pattern Analysis
Tables 6.9–6.14 present detailed metrics on model response consistency, expanding on the analysis presented in
Section 4.2.2. For each model, we evaluate two key aspects of response uniqueness:

Basic Response Patterns

Tables 6.9–6.12 provide:

• Total Requests: Number of evaluation attempts

• Unique: Number of distinct responses generated

• Valid Unique: Number of well-formed, task-compliant responses (among the unique responses)

Results are presented across different use cases, with dashes (–) indicating failed response generation.

Table 6.9: Response uniqueness metrics for llama3‐8b. Invalid outputs (marked with ’‐’) indicate responses exceeding
context limits due to name repetition.

Task Use Case Total Req. Unique Valid Unique
Top-k top-5 41 3 3

top-100 123 3 0
Field CM&MP 41 1 1

PER 41 2 2
Epoch 1950s 41 3 3

2000s 123 1 0
Seniority early career 41 3 3

senior 100 3 1
Twins famous (M) 84 3 2

famous (F) 41 3 3
random (M) 41 2 2
random (F) 41 3 3
politic (M) 41 3 3
politic (F) 41 2 2
movie (M) 41 2 2
movie (F) 41 2 2
fictitious (M) 41 2 2
fictitious (F) 41 2 2

Average ± Std 55.78 ± 29.55 2.39 ± 0.70 2.00 ± 0.97
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Table 6.10: Response uniqueness metrics for gemma2‐9b, showing consistent declination of task attempts due to capabil‐
ity awareness.

Task Use Case Total Req. Unique Valid Unique
Top-k top-5 41 1 1

top-100 123 1 0
Field CM&MP 123 1 0

PER 41 1 1
Epoch 1950s 123 1 0

2000s 123 1 0
Seniority early career 123 1 0

senior 123 1 0
Twins famous (M) 123 1 0

famous (F) 123 1 0
random (M) 123 1 0
random (F) 123 1 0
politic (M) 41 1 0
politic (F) 123 1 0
movie (M) 123 1 0
movie (F) 123 1 0
fictitious (M) 123 1 0
fictitious (F) 123 1 0

Average ± Std 109.33 ± 31.45 1.00 ± 0.00 0.11 ± 0.32

Table 6.11: Response uniqueness metrics for mixtral‐8x7b, demonstrating consistent output patterns with moderate
validity rates.

Task Use Case Total Req. Unique Valid Unique
Top-k top-5 38 2 2

top-100 111 4 1
Field CM&MP 38 2 2

PER 38 2 2
Epoch 1950s 38 2 2

2000s 39 2 2
Seniority early-career 39 2 2

senior 40 2 2
Twins famous (M) 38 2 2

famous (F) 39 2 2
random (M) 45 2 1
random (F) 45 2 1
politic (M) 117 2 0
politic (F) 38 2 2
movie (F) 45 2 1
movie (M) 39 2 2
fictitious (M) 108 2 1
fictitious (F) 40 2 2

Average ± Std 51.94 ± 27.79 2.11 ± 0.47 1.61 ± 0.61
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Table 6.12: Response uniqueness metrics for llama3‐70b, showing high diversity in valid responses across all tasks.

Task Use Case Total Req. Unique Valid Unique
Top-k top-5 41 7 7

top-100 85 30 28
Field CM&MP 44 24 21

PER 42 26 25
Epoch 1950s 41 14 14

2000s 43 22 20
Seniority early_career 41 19 19

senior 41 18 18
Twins famous (M) 41 16 16

famous (F) 41 15 15
fictitious (M) 41 16 16
fictitious (F) 41 21 21
movie (M) 41 20 20
movie (F) 41 13 13
politic (M) 41 11 11
politic (F) 41 16 16
random (M) 41 12 12
random (F) 41 26 26

Average ± Std 43.78 ± 10.32 18.11 ± 5.97 17.67 ± 5.46
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Response SimilarityMetrics

Tables 6.13 and 6.14 analyze response patterns using two measures:
Inter-request Similarity (Table 6.13): Using the Jaccard Index for sets of names A and B from different re-

quests:

J(A,B) =
|A ∩ B|
|A ∪ B|

Higher values (closer to 1.0) indicate more repetitive recommendations.

Table 6.13: Jaccard similarity among recommended names across requests. All models, except llama3‐70b, show a ten‐
dency to repeat their answers over time, as indicated by high Jaccard index values. In contrast, llama3‐70b demonstrates
greater variability in its responses, frequently changing the recommended names for the same question across different
requests.

Task Use Case llama3-8b gemma2-9b mixtral-8x7b llama3-70b

Top-k top-5 0.94 ± 0.13 1.00 ± 0.00 1.00 ± 0.00 1.00 ± 0.00
top-100 – – 1.00 ± 0.00 0.40 ± 0.20

Field CM&MP 1.00 ± 0.00 – 0.89 ± 0.25 0.58 ± 0.29
PER 0.84 ± 0.17 1.00 ± 0.00 0.87 ± 0.30 0.42 ± 0.26

Epoch 1950s 0.78 ± 0.30 – 0.88 ± 0.28 0.58 ± 0.36
2000s – – 0.85 ± 0.35 0.47 ± 0.31

Seniority early_career 0.85 ± 0.22 – 0.85 ± 0.35 0.71 ± 0.23
senior 1.00 ± 0.00 – 0.88 ± 0.30 0.78 ± 0.32

Twins

famous (M) 0.80 ± 0.20 – 0.86 ± 0.34 0.45 ± 0.41
famous (F) 0.71 ± 0.39 – 1.00 ± 0.00 0.51 ± 0.39
random (M) 1.00 ± 0.00 – 1.00 ± 0.00 0.75 ± 0.38
random (F) 1.00 ± 0.00 – 1.00 ± 0.00 0.47 ± 0.27
politic (M) 1.00 ± 0.00 – – 0.57 ± 0.43
politic (F) 0.85 ± 0.22 – 0.86 ± 0.33 0.75 ± 0.29
movie (M) 1.00 ± 0.00 – 0.85 ± 0.35 0.99 ± 0.03
movie (F) 0.56 ± 0.50 – 1.00 ± 0.00 0.80 ± 0.26
fictitious (M) 0.93 ± 0.11 – 1.00 ± 0.00 0.85 ± 0.32
fictitious (F) 1.00 ± 0.00 – 0.86 ± 0.35 0.47 ± 0.35

Final Avg ± Std 0.89 ± 0.25 1.00 ± 0.00 0.91 ± 0.28 0.65 ± 0.36

Intra-request Uniqueness (Table 6.14): Measuring name repetition within single responses using ratioU(R)
for recommendation setR:

U(R) =
|unique names inR|
|total names inR|

Results are presented as mean ± standard deviation across evaluation runs. Perfect uniqueness corresponds to
U(R) = 1.0.
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Table 6.14: Author uniqueness ratio within requests. Both gemma2‐9b and mixtral‐8x7b consistently provide unique
expert recommendations within requests. In contrast, the LLaMA models tend to introduce duplicate names, particularly in
specific use cases such as the top‐100 expert recommendations.

Task Use Case llama3-8b gemma2-9b mixtral-8x7b llama3-70b

Top-k top-5 1.00 ± 0.00 1.00 ± 0.00 1.00 ± 0.00 1.00 ± 0.00
top-100 – – 0.51 ± 0.00 0.89 ± 0.12

Field CM&MP 1.00 ± 0.00 – 1.00 ± 0.00 0.93 ± 0.06
PER 1.00 ± 0.00 1.00 ± 0.00 1.00 ± 0.00 1.00 ± 0.00

Epoch 1950s 1.00 ± 0.00 – 1.00 ± 0.00 1.00 ± 0.00
2000s – – 1.00 ± 0.00 0.99 ± 0.04

Seniority early_career 1.00 ± 0.00 – 1.00 ± 0.00 1.00 ± 0.00
senior 1.00 ± 0.00 – 1.00 ± 0.00 1.00 ± 0.00

Twins

famous (M) 0.86 ± 0.16 – 1.00 ± 0.00 1.00 ± 0.00
famous (F) 1.00 ± 0.00 – 1.00 ± 0.00 1.00 ± 0.00
random (M) 1.00 ± 0.00 – 1.00 ± 0.00 1.00 ± 0.00
random (F) 1.00 ± 0.00 – 1.00 ± 0.00 1.00 ± 0.00
politic (M) 1.00 ± 0.00 – – 1.00 ± 0.00
politic (F) 1.00 ± 0.00 – 1.00 ± 0.00 1.00 ± 0.00
movie (M) 1.00 ± 0.00 – 1.00 ± 0.00 1.00 ± 0.00
movie (F) 1.00 ± 0.00 – 1.00 ± 0.00 1.00 ± 0.00
fictitious (M) 1.00 ± 0.00 – 1.00 ± 0.00 1.00 ± 0.00
fictitious (F) 1.00 ± 0.00 – 1.00 ± 0.00 1.00 ± 0.00

Final Avg ± Std 0.99 ± 0.05 1.00 ± 0.00 1.00 ± 0.04 0.99 ± 0.04

6.3 Nobel Laureates Analysis
Tables 6.15–6.18 present the analysis of Nobel laureate recommendations across models. For each model, we
provide:

• Nobel (mean/median): Average and median number of Nobel laureates recommended

• Ratio: Proportion of Nobel laureates to total recommendations

• Year Awarded: Statistics of Nobel Prize award years (mean, median)

• All Physics: Whether all recommended laureates are Physics Nobel winners

Results are presented as mean ± standard deviation across multiple evaluation runs and use cases. Dashes (–)
indicate tasks where the model failed to generate valid responses.
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Table 6.15: Nobel laureates retrieved by llama3‐8b across use cases. Highest retrieval in 1950s category.

Task Use Case Nobel Nobel Ratio Year Awarded All
(mean) (median) (mean, median) Physics

Top-k top-5 0 0 0.00 ± 0.00 – –
top-100 – – – – –

Field CM&MP 0 0 0.00 ± 0.00 – –
PER 0 0 0.00 ± 0.00 – –

Epoch 1950s 11.22 ± 0.41 11.00 0.96 ± 0.08 1958 ± 10, 1959 True
2000s – – – – –

Seniority early career 0 0 0.00 ± 0.00 – –
senior 5.00 ± 0.00 5.00 0.45 ± 0.00 1988 ± 15, 1979 True

Twins

famous (M) 0 0 0.00 ± 0.00 – –
famous (F) 0.22 ± 0.41 0.00 0.02 ± 0.04 1969 ± 0, 1969 True
random (M) 0 0 0.00 ± 0.00 – –
random (F) 0 0 0.00 ± 0.00 – –
politic (M) 0 0 0.00 ± 0.00 – –
politic (F) 0 0 0.00 ± 0.00 – –
movie (M) 0 0 0.00 ± 0.00 – –
movie (F) 0 0 0.00 ± 0.00 – –
fictitious (M) 0 0 0.00 ± 0.00 – –
fictitious (F) 0 0 0.00 ± 0.00 – –

Overall 0.91 ± 2.87 0.00 0.08 ± 0.25 1963 ± 16, 1959 True

Table 6.16: Nobel laureates retrieved by gemma2‐9b across use cases. Limited retrieval, mainly in top‐5 experts category.

Task Use Case Nobel Nobel Ratio Year Awarded All
(mean) (median) (mean, median) Physics

Top-k top-5 3.00 ± 0.00 3.00 0.60 ± 0.00 1930 ± 26, 1921 True
top-100 – – – – –

Field CM&MP – – – –, – –
PER 1.00 ± 0.00 1.00 0.10 ± 0.00 2001 ± 0, 2001 True

Epoch 1950s – – – –, – –
2000s – – – –, – –

Seniority early career – – – – –
senior – – – – –

Twins

famous (M) – – – – –
famous (F) – – – – –
random (M) – – – – –
random (F) – – – – –
politic (M) – – – – –
politic (F) – – – – –
movie (M) – – – – –
movie (F) – – – – –
fictitious (M) – – – – –
fictitious (F) – – – – –

Overall 2.00 ± 1.00 2.00 0.35 ± 0.25 1948 ± 38, 1943 True
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Table 6.17: Nobel laureates retrieved by mixtral‐8x7b. High retrieval across most categories, with peak counts in top‐100
(42 laureates), senior scientists (15), and 1950s experts (12).

Task Use Case Nobel Nobel Ratio Year Awarded All
(mean) (median) (mean) Physics

Top-k top-5 4.00 ± 0.00 4.00 0.80 ± 0.00 1932 ± 19 True
top-100 42.00 ± 0.00 42.00 0.41 ± 0.00 1976 ± 31 True

Field CM&MP 0.16 ± 0.54 0.00 0.01 ± 0.03 1977 ± 21 True
PER 0.08 ± 0.27 0.00 0.01 ± 0.03 2001 ± 0 True

Epoch 1950s 11.53 ± 1.62 12.00 0.66 ± 0.02 1962 ± 6 True
2000s 6.46 ± 1.87 7.00 0.32 ± 0.09 1999 ± 19 True

Seniority early_career 0 0 0.00 ± 0.00 – –
senior 15.10 ± 3.16 16.00 0.37 ± 0.01 1968 ± 33 True

Twins

famous (M) 0.32 ± 1.08 0.00 0.02 ± 0.05 2012 ± 8 True
famous (F) 7.00 ± 0.00 7.00 0.70 ± 0.00 1928 ± 18 True
random (M) 0 0 0.00 ± 0.00 – –
random (F) 0 0 0.00 ± 0.00 – –
politic (M) – – – – –
politic (F) 1.63 ± 2.16 1.00 0.13 ± 0.09 1987 ± 44 True
movie (M) 1.85 ± 0.53 2.00 0.37 ± 0.11 1992 ± 28 True
movie (F) 3.00 ± 0.00 3.00 0.30 ± 0.00 1995 ± 23 False
fictitious (M) 7.00 ± 0.00 7.00 0.70 ± 0.00 1928 ± 18 True
fictitious (F) 6.47 ± 1.84 7.00 0.65 ± 0.18 1928 ± 18 True

Overall 4.13 ± 5.45 2.00 0.30 ± 0.29 1962 ± 34 False

Table 6.18: Nobel laureates retrieved by llama3‐70b. Highest laureate ratios in top‐5 experts (100%), 1950s experts (76%),
and senior scientists (56%).

Task Use Case Nobel Nobel Ratio Year Awarded All
(mean) (median) (mean) Physics

Top-k top-5 5.00 ± 0.00 5.00 1.00 ± 0.00 1976 ± 8 True
top-100 50.93 ± 16.53 46.00 0.47 ± 0.09 1984 ± 26 False

Field CM&MP 5.90 ± 2.46 5.00 0.19 ± 0.07 1979 ± 15 False
PER 0 0 0.00 ± 0.00 – –

Epoch 1950s 13.00 ± 2.57 14.00 0.76 ± 0.17 1968 ± 14 True
2000s 11.61 ± 6.38 10.00 0.43 ± 0.10 2002 ± 11 False

Seniority early_career 0 0 0.00 ± 0.00 – –
senior 16.29 ± 2.75 16.00 0.56 ± 0.04 2003 ± 12 False

Twins

famous (M) 0 0 0.00 ± 0.00 – –
famous (F) 0 0 0.00 ± 0.00 – –
random (M) 0 0 0.00 ± 0.00 – –
random (F) 0 0 0.00 ± 0.00 – –
politic (M) 0.98 ± 0.15 1.00 0.29 ± 0.06 2021 ± 0 True
politic (F) 0.88 ± 0.50 1.00 0.10 ± 0.05 1964 ± 4 False
movie (M) 0 0 0.00 ± 0.00 – –
movie (F) 1.90 ± 0.43 2.00 0.19 ± 0.04 2016 ± 8 False
fictitious (M) 1.00 ± 0.00 1.00 0.11 ± 0.00 2021 ± 0 True
fictitious (F) 0 0 0.00 ± 0.00 – –

Overall 5.29 ± 11.39 1.00 0.22 ± 0.30 1988 ± 23 False
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6.4 Recommendations Similarity Analysis
Tables 6.19–6.23 present the detailed breakdown of similarity metrics summarized in Table 4.4. Results are re-
ported as mean ± standard deviation across evaluation runs. Asterisks (*) indicate results that are not statistically
significant (based on bootstrap values), likely due to small sample sizes.

Table 6.19: Author similarity based on shared affiliations. Near‐zero scores indicate minimal institutional overlap. (*) marks
non‐significant results.

Task Use Case llama3-8b gemma2-9b mixtral-8x7b llama3-70b

Top-k top-5 0.0959 ± 0.11 0.0000 ± 0.00 (*) 0.0000 ± 0.00 (*) 0.0439 ± 0.03
top-100 – – 0.0254 ± 0.05 0.0253 ± 0.05

Field CM&MP 0.0338 ± 0.05 – 0.0638 ± 0.08 0.0169 ± 0.03
PER 0.0000 ± 0.00 (*) 0.0525 ± 0.04 0.0493 ± 0.07 0.0219 ± 0.05

Epoch 1950s 0.0216 ± 0.04 – 0.0270 ± 0.05 0.0306 ± 0.05
2000s – – 0.0214 ± 0.04 0.0302 ± 0.05

Seniority early career – – 0.0965 ± 0.15 0.0280 ± 0.05
senior 0.0361 ± 0.04 – 0.0336 ± 0.05 0.0198 ± 0.04

Twins

famous (M) 0.0800 ± 0.11 – 0.0191 ± 0.04 0.0222 ± 0.06
famous (F) 0.0225 ± 0.05 – 0.0093 ± 0.02 0.0183 ± 0.03
random (M) – – 0.0544 ± 0.08 0.0374 ± 0.05
random (F) – – – 0.0127 ± 0.03
politic (M) – – – 0.0000 ± 0.00 (*)
politic (F) 0.0000 ± 0.00 (*) – 0.0106 ± 0.02 0.0165 ± 0.03
movie (M) 0.0891 ± 0.09 – 0.0365 ± 0.03 0.1581 ± 0.10
movie (F) – – 0.0000 ± 0.00 (*) 0.0616 ± 0.10
fictitious (M) – – 0.0093 ± 0.02 0.0443 ± 0.07
fictitious (F) 0.0279 ± 0.04 – 0.0170 ± 0.03 0.0317 ± 0.05

Overall 0.0397 ± 0.06 0.0394 ± 0.04 0.0322 ± 0.05 0.0262 ± 0.05

Table 6.20: Author similarity based on affiliation countries. Higher scores (0.2‐0.4) indicate regional clustering. (*) marks
non‐significant results.

Task Use Case llama3-8b gemma2-9b mixtral-8x7b llama3-70b

Top-k top-5 0.2420 ± 0.16 0.4000 ± 0.00 0.2550 ± 0.11 0.3050 ± 0.16
top-100 – – 0.2639 ± 0.14 0.2433 ± 0.15

Field CM&MP 0.2821 ± 0.13 – 0.3767 ± 0.14 0.2606 ± 0.15
PER 0.4370 ± 0.23 0.4444 ± 0.08 0.4925 ± 0.27 0.3471 ± 0.23

Epoch 1950s 0.3021 ± 0.19 – 0.3467 ± 0.18 0.3254 ± 0.17
2000s – – 0.2449 ± 0.17 0.2567 ± 0.15

Seniority early_career – – 0.2558 ± 0.16 0.2528 ± 0.15
senior 0.1891 ± 0.07 – 0.2677 ± 0.15 0.2584 ± 0.14

Twins

famous (M) 0.2333 ± 0.26 – 0.1665 ± 0.13 0.2189 ± 0.19
famous (F) 0.2433 ± 0.14 – 0.3127 ± 0.16 0.2145 ± 0.14
random (M) – – 0.2053 ± 0.08 0.3664 ± 0.11
random (F) – – – 0.1401 ± 0.07 (*)
politic (M) – – – 0.2500 ± 0.00
politic (F) 0.2500 ± 0.00 – 0.2516 ± 0.15 0.3233 ± 0.15
movie (M) 0.3097 ± 0.13 – 0.2944 ± 0.17 0.3161 ± 0.22
movie (F) – – 0.2639 ± 0.17 0.3043 ± 0.16
fictitious (M) – – 0.3127 ± 0.16 0.2393 ± 0.20
fictitious (F) 0.2054 ± 0.11 – 0.2576 ± 0.16 0.1833 ± 0.13

Overall 0.2498 ± 0.15 0.4333 ± 0.07 0.2739 ± 0.16 0.2560 ± 0.16
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Table 6.21: Author similarity based on shared APS co‐authors. Near‐zero scores indicate minimal co‐authorship overlap. (*)
marks non‐significant results due to small sample size.

Task Use case llama3-8b gemma2-9b mixtral-8x7b llama3-70b

Top-k top-5 0.0160 ± 0.03 0.0000 ± 0.00 (*) 0.0119 ± 0.02 0.0096 ± 0.02
top-100 – – 0.0037 ± 0.01 0.0026 ± 0.01

Field CM&MP 0.0137 ± 0.02 – 0.0265 ± 0.03 0.0094 ± 0.02
PER 0.0000 ± 0.00 (*) 0.0000 ± 0.00 (*) 0.0304 ± 0.05 0.0056 ± 0.02

Epoch 1950s 0.0084 ± 0.01 – 0.0110 ± 0.02 0.0087 ± 0.02
2000s – – 0.0041 ± 0.01 0.0055 ± 0.02

Seniority early_career – – 0.0103 ± 0.01 0.0125 ± 0.03
senior 0.0135 ± 0.03 – 0.0043 ± 0.01 0.0022 ± 0.01

Twins

famous (M) 0.0504 ± 0.06 – 0.0135 ± 0.05 0.0195 ± 0.03
famous (F) 0.0008 ± 0.00 – 0.0060 ± 0.01 0.0224 ± 0.04
random (M) – – 0.0077 ± 0.02 0.0053 ± 0.01
random (F) – – – 0.0002 ± 0.00 (*)
politic (M) – – – 0.0000 ± 0.00 (*)
politic (F) 0.0000 ± 0.00 (*) – 0.0006 ± 0.00 0.0000 ± 0.00 (*)
movie (M) 0.0144 ± 0.03 – 0.0020 ± 0.00 0.0212 ± 0.03
movie (F) – – 0.0000 ± 0.00 (*) 0.0084 ± 0.03
fictitious (M) – – 0.0060 ± 0.01 0.0105 ± 0.02
fictitious (F) 0.0009 ± 0.00 – 0.0036 ± 0.01 0.0084 ± 0.03

Overall 0.0078 ± 0.02 0.0000 ± 0.00 0.0064 ± 0.02 0.0052 ± 0.02

Table 6.22: Categorical similarity of authors based on gender, ethnicity, first APS publication decade, and Nobel awards.

Task Use Case llama3-8b gemma2-9b mixtral-8x7b llama3-70b

Top-k top-5 0.3207 ± 0.12 0.3333 ± 0.00 0.5556 ± 0.31 0.5143 ± 0.23
top-100 – – 0.3291 ± 0.22 0.2767 ± 0.20

Field CM&MP 0.3697 ± 0.20 – 0.2808 ± 0.20 0.3132 ± 0.20
PER 0.3200 ± 0.21 0.4222 ± 0.13 0.3363 ± 0.16 0.4346 ± 0.22

Epoch 1950s 0.2989 ± 0.26 – 0.2552 ± 0.23 0.2818 ± 0.23
2000s – – 0.2467 ± 0.18 0.2945 ± 0.21

Seniority early_career – – 0.3569 ± 0.18 0.2922 ± 0.17
senior 0.3905 ± 0.16 – 0.2802 ± 0.20 0.2798 ± 0.20

Twins

famous (M) 0.6400 ± 0.26 – 0.3684 ± 0.20 0.5170 ± 0.27
famous (F) 0.3482 ± 0.15 – 0.5016 ± 0.27 0.4670 ± 0.25
random (M) – – 0.4540 ± 0.17 0.4269 ± 0.38
random (F) – – – 0.5238 ± 0.13
politic (M) – – – 0.1429 ± 0.00
politic (F) 0.3333 ± 0.00 – 0.2570 ± 0.21 0.2515 ± 0.12
movie (M) 0.4000 ± 0.21 – 0.2143 ± 0.13 0.3631 ± 0.22
movie (F) – – 0.2063 ± 0.09 0.3377 ± 0.19
fictitious (M) – – 0.5016 ± 0.27 0.3493 ± 0.23
fictitious (F) 0.3859 ± 0.23 – 0.3581 ± 0.28 0.4544 ± 0.18

Overall 0.3775 ± 0.23 0.4000 ± 0.12 0.2908 ± 0.21 0.3003 ± 0.21
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Table 6.23: Scholarly metric similarity (cosine) between authors based on h‐index, publications, citations, career age, collab‐
orators, and institutional metrics. (*) marks non‐significant results.

Task Use Case llama3-8b gemma2-9b mixtral-8x7b llama3-70b

Top-k top-5 0.5105 ± 0.25 0.0000 ± 0.00 (*) 0.3085 ± 0.23 (*) 0.5105 ± 0.25
top-100 0.7674 ± 0.20 – 0.7356 ± 0.23 (*) 0.7674 ± 0.20

Field CM&MP 0.6443 ± 0.24 – 0.6823 ± 0.25 0.7627 ± 0.19
PER 0.3405 ± 0.35 0.2543 ± 0.36 0.6184 ± 0.17 0.6458 ± 0.27 (*)

Epoch 1950s 0.6579 ± 0.32 – 0.7140 ± 0.21 0.6925 ± 0.22
2000s – – 0.6912 ± 0.21 0.7378 ± 0.21

Seniority early_career 0.3669 ± 0.26 (*) – 0.2769 ± 0.34 0.6379 ± 0.22
senior 0.6379 ± 0.28 – 0.7873 ± 0.17 0.6379 ± 0.28

Twins

famous (M) 0.6954 ± 0.22 – 0.6352 ± 0.25 0.6096 ± 0.32
famous (F) 0.6096 ± 0.32 – 0.5468 ± 0.30 0.6096 ± 0.32
random (M) 0.3803 ± 0.38 – 0.6467 ± 0.18 0.3803 ± 0.38
random (F) 0.1482 ± 0.27 – – 0.1482 ± 0.27
politic (M) – – – 0.0000 ± 0.00 (*)
politic (F) 0.4253 ± 0.31 – 0.5712 ± 0.35 0.4253 ± 0.31
movie (M) 0.6408 ± 0.17 – 0.5285 ± 0.30 0.6408 ± 0.17
movie (F) 0.5850 ± 0.31 – 0.5297 ± 0.30 0.5850 ± 0.31
fictitious (M) 0.5223 ± 0.31 – 0.5468 ± 0.30 0.5014 ± 0.34
fictitious (F) 0.5239 ± 0.27 – 0.6230 ± 0.26 0.5239 ± 0.27

Overall 0.6504 ± 0.26 0.1907 ± 0.33 0.7403 ± 0.21 0.7300 ± 0.23
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6.5 Gender Distribution Analysis
Tables 6.24 and 6.25 present the gender distribution across different use cases for smaller models (llama3-8b,
gemma2-9b) and larger models (mixtral-8x7b, llama3-70b) respectively. For each model and use case, we report
the proportion ofmale, female, and unknown-gender authors (primarily those with initialed first names). Results
are presented as mean ± standard deviation, with dashes (–) indicating tasks where the model failed to generate
valid responses.

Table 6.24: Comparative analysis of gender distribution across different use cases between llama3‐8b and gemma2‐9b.
Values show proportions as male/female/unknown (avg ± std).

Task Use Case llama3-8b gemma2-9b
Male Female Unknown Male Female Unknown

Top-k top-5 0.590 ± 0.030 0.205 ± 0.015 0.205 ± 0.015 0.500 ± 0.000 0.000 ± 0.000 0.500 ± 0.000
top-100 – – – – – –

Field PER 0.667 ± 0.000 0.000 ± 0.000 0.333 ± 0.000 1.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000
CM&MP 0.500 ± 0.000 0.200 ± 0.000 0.300 ± 0.000 – – –

Epoch 1950s 0.481 ± 0.099 0.000 ± 0.000 0.519 ± 0.099 – – –
2000s – – – – – –

Seniority early career – – – – – –
senior 1.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 – – –

Twins

famous (M) 0.200 ± 0.000 0.000 ± 0.000 0.800 ± 0.000 – – –
famous (F) 0.969 ± 0.059 0.000 ± 0.000 0.031 ± 0.059 – – –
random (M) – – – – – –
random (F) – – – – – –
politic (M) – – – – – –
politic (F) 0.000 ± 0.000 1.000 ± 0.000 0.000 ± 0.000 – – –
movie (M) 0.778 ± 0.000 0.111 ± 0.000 0.111 ± 0.000 – – –
movie (F) – – – – – –
fictitious (M) 1.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 – – –
fictitious (F) 0.688 ± 0.000 0.125 ± 0.000 0.188 ± 0.000 – – –

Overall 0.615 ± 0.302 0.160 ± 0.287 0.225 ± 0.232 0.750 ± 0.250 0.000 ± 0.000 0.250 ± 0.250

57



Table 6.25: Comparative analysis of gender distribution across different use cases between mixtral‐8x7b and llama3‐70b.
Values show proportions as male/female/unknown (avg ± std).

Task Use Case mixtral-8x7b llama3-70b
Male Female Unknown Male Female Unknown

Top-k top-5 0.667 ± 0.000 0.000 ± 0.000 0.333 ± 0.000 0.800 ± 0.000 0.000 ± 0.000 0.200 ± 0.000
top-100 0.848 ± 0.000 0.030 ± 0.000 0.121 ± 0.000 0.793 ± 0.038 0.047 ± 0.013 0.160 ± 0.038

Field PER 0.667 ± 0.000 0.333 ± 0.000 0.000 ± 0.000 0.449 ± 0.085 0.506 ± 0.075 0.045 ± 0.051
CM&MP 0.440 ± 0.039 0.143 ± 0.000 0.417 ± 0.039 0.874 ± 0.071 0.011 ± 0.022 0.114 ± 0.057

Epoch 1950s 0.596 ± 0.045 0.077 ± 0.022 0.327 ± 0.022 0.709 ± 0.062 0.004 ± 0.020 0.287 ± 0.060
2000s 0.744 ± 0.022 0.077 ± 0.022 0.179 ± 0.044 0.744 ± 0.070 0.053 ± 0.028 0.203 ± 0.072

Seniority early career 0.654 ± 0.044 0.038 ± 0.133 0.308 ± 0.089 0.292 ± 0.128 0.266 ± 0.043 0.442 ± 0.099
senior 0.832 ± 0.023 0.039 ± 0.024 0.129 ± 0.001 0.856 ± 0.025 0.006 ± 0.017 0.138 ± 0.017

Twins

famous (M) 0.850 ± 0.025 0.005 ± 0.016 0.146 ± 0.009 0.690 ± 0.046 0.029 ± 0.051 0.281 ± 0.072
famous (F) 0.750 ± 0.000 0.000 ± 0.000 0.250 ± 0.000 0.821 ± 0.066 0.012 ± 0.037 0.166 ± 0.064
random (M) 1.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 0.691 ± 0.087 0.000 ± 0.000 0.309 ± 0.087
random (F) – – – 0.321 ± 0.261 0.012 ± 0.077 0.667 ± 0.258
politic (M) – – – 0.024 ± 0.154 0.976 ± 0.154 0.000 ± 0.000
politic (F) 0.055 ± 0.189 0.937 ± 0.216 0.008 ± 0.027 0.000 ± 0.000 1.000 ± 0.000 0.000 ± 0.000
movie (M) 0.750 ± 0.000 0.000 ± 0.000 0.250 ± 0.000 0.669 ± 0.010 0.166 ± 0.005 0.166 ± 0.005
movie (F) 0.000 ± 0.000 1.000 ± 0.000 0.000 ± 0.000 0.657 ± 0.177 0.334 ± 0.150 0.009 ± 0.043
fictitious (M) 0.750 ± 0.000 0.000 ± 0.000 0.250 ± 0.000 0.726 ± 0.045 0.143 ± 0.015 0.132 ± 0.037
fictitious (F) 0.800 ± 0.000 0.000 ± 0.000 0.200 ± 0.000 0.928 ± 0.161 0.016 ± 0.050 0.056 ± 0.123

Overall 0.632 ± 0.277 0.185 ± 0.332 0.183 ± 0.138 0.611 ± 0.293 0.201 ± 0.318 0.188 ± 0.185

6.6 Ethnicity Distribution Analysis
Tables 6.26–6.29 present the ethnic distribution across different use cases for each model. Authors are classified
into five categories (Asian, White, Hispanic, Black, unknown) based on name-based inference methods. Results
are presented asmean± standard deviation of proportions, with dashes (–) indicating taskswhere themodel failed
to generate valid responses.

Table 6.26: Analysis of ethnicity distribution across different use cases in recommendations by llama3‐8b. Values show
proportions for each ethnic category (avg ± std).

Task Use Case Asian White Hispanic Black Unknown

Epoch 1950s 0.166 ± 0.044 0.408 ± 0.039 0.130 ± 0.025 0.018 ± 0.034 0.278 ± 0.015
2000s – – – – –

Field PER 0.333 ± 0.000 0.667 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000
CM&MP 0.700 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 0.100 ± 0.000 0.200 ± 0.000

Seniority early career – – – – –
senior 0.000 ± 0.000 0.750 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 0.250 ± 0.000

Top-k top-5 0.000 ± 0.000 0.410 ± 0.030 0.180 ± 0.059 0.410 ± 0.030 0.000 ± 0.000
top-100 – – – – –

Twins

famous (M) 0.000 ± 0.000 1.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000
famous (F) 0.031 ± 0.059 0.406 ± 0.012 0.000 ± 0.000 0.344 ± 0.106 0.219 ± 0.035
random (M) – – – – –
random (F) – – – – –
politic (M) – – – – –
politic (F) 0.000 ± 0.000 0.500 ± 0.000 0.000 ± 0.000 0.500 ± 0.000 0.000 ± 0.000
movie (M) 0.000 ± 0.000 0.556 ± 0.000 0.222 ± 0.000 0.222 ± 0.000 0.000 ± 0.000
movie (F) – – – – –
fictitious (M) 1.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000
fictitious (F) 0.062 ± 0.000 0.562 ± 0.000 0.312 ± 0.000 0.000 ± 0.000 0.062 ± 0.000

Overall 0.223 ± 0.331 0.453 ± 0.273 0.082 ± 0.113 0.155 ± 0.188 0.086 ± 0.110
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Table 6.27: Analysis of ethnicity distribution across different use cases in recommendations by gemma2‐9b. Values show
proportions for each ethnic category (avg ± std).

Task Use Case Asian White Hispanic Black Unknown

Epoch 1950s – – – – –
2000s – – – – –

Field PER – 1.000 ± 0.000 – – 0.000 ± 0.000
CM&MP – – – – –

Seniority early career – – – – –
senior – – – – –

Top-k top-5 – 0.500 ± 0.000 – – 0.500 ± 0.000
top-100 – – – – –

Twins

famous (M) – – – – –
famous (F) – – – – –
random (M) – – – – –
random (F) – – – – –
politic (M) – – – – –
politic (F) – – – – –
movie (M) – – – – –
movie (F) – – – – –
fictitious (M) – – – – –
fictitious (F) – – – – –

Overall – 0.750 ± 0.250 – – 0.250 ± 0.250

Table 6.28: Analysis of ethnicity distribution across different use cases in recommendations by mixtral‐8x7b. Values show
proportions for each ethnic category (avg ± std).

Task Use Case Asian White Hispanic Black Unknown

Epoch 1950s 0.096 ± 0.045 0.404 ± 0.045 0.096 ± 0.045 0.154 ± 0.045 0.250 ± 0.000
2000s 0.077 ± 0.022 0.462 ± 0.155 0.077 ± 0.022 0.231 ± 0.067 0.154 ± 0.044

Field PER 0.000 ± 0.000 0.846 ± 0.045 0.154 ± 0.045 0.000 ± 0.000 0.000 ± 0.000
CM&MP 0.549 ± 0.077 0.274 ± 0.039 0.000 ± 0.000 0.165 ± 0.077 0.011 ± 0.039

Seniority early career 0.615 ± 0.178 0.365 ± 0.111 0.000 ± 0.000 0.019 ± 0.067 0.000 ± 0.000
senior 0.060 ± 0.017 0.524 ± 0.029 0.090 ± 0.025 0.108 ± 0.040 0.218 ± 0.027

Top-k top-5 0.000 ± 0.000 0.667 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 0.333 ± 0.000
top-100 0.030 ± 0.000 0.697 ± 0.000 0.061 ± 0.000 0.061 ± 0.000 0.152 ± 0.000

Twins

famous (M) 0.000 ± 0.000 0.831 ± 0.088 0.014 ± 0.048 0.014 ± 0.048 0.141 ± 0.007
famous (F) 0.000 ± 0.000 0.750 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 0.250 ± 0.000
random (M) 0.143 ± 0.000 0.571 ± 0.000 0.143 ± 0.000 0.143 ± 0.000 0.000 ± 0.000
random (F) – – – – –
politic (M) – – – – –
politic (F) 0.000 ± 0.000 0.508 ± 0.027 0.000 ± 0.000 0.016 ± 0.054 0.476 ± 0.081
movie (M) 0.000 ± 0.000 0.750 ± 0.000 0.000 ± 0.000 0.250 ± 0.000 0.000 ± 0.000
movie (F) 0.000 ± 0.000 0.667 ± 0.000 0.000 ± 0.000 0.333 ± 0.000 0.000 ± 0.000
fictitious (M) 0.000 ± 0.000 0.750 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 0.250 ± 0.000
fictitious (F) 0.000 ± 0.000 0.600 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 0.400 ± 0.000

Overall 0.110 ± 0.206 0.587 ± 0.180 0.041 ± 0.060 0.100 ± 0.115 0.161 ± 0.161

59



Table 6.29: Analysis of ethnicity distribution across different use cases in recommendations by llama3‐70b. Values show
proportions for each ethnic category (avg ± std).

Task Use Case Asian White Hispanic Black Unknown

Epoch 1950s 0.135 ± 0.063 0.504 ± 0.087 0.065 ± 0.042 0.113 ± 0.031 0.183 ± 0.034
2000s 0.081 ± 0.046 0.658 ± 0.103 0.007 ± 0.020 0.172 ± 0.056 0.082 ± 0.068

Field PER 0.045 ± 0.051 0.865 ± 0.049 0.015 ± 0.041 0.002 ± 0.011 0.074 ± 0.072
CM&MP 0.234 ± 0.045 0.429 ± 0.045 0.020 ± 0.029 0.182 ± 0.052 0.134 ± 0.020

Seniority early career 0.174 ± 0.031 0.536 ± 0.055 0.098 ± 0.020 0.000 ± 0.000 0.192 ± 0.043
senior 0.173 ± 0.061 0.602 ± 0.031 0.007 ± 0.022 0.145 ± 0.035 0.072 ± 0.032

Top-k top-5 0.000 ± 0.000 0.600 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 0.400 ± 0.000
top-100 0.085 ± 0.028 0.608 ± 0.033 0.069 ± 0.010 0.103 ± 0.023 0.136 ± 0.021

Twins

famous (M) 0.050 ± 0.063 0.476 ± 0.100 0.363 ± 0.059 0.111 ± 0.076 0.000 ± 0.000
famous (F) 0.017 ± 0.047 0.451 ± 0.111 0.402 ± 0.144 0.000 ± 0.000 0.130 ± 0.089
random (M) 0.309 ± 0.087 0.000 ± 0.000 0.669 ± 0.013 0.000 ± 0.000 0.022 ± 0.080
random (F) 0.000 ± 0.000 0.988 ± 0.077 0.012 ± 0.077 0.000 ± 0.000 0.000 ± 0.000
politic (M) 0.000 ± 0.000 0.000 ± 0.000 0.793 ± 0.270 0.024 ± 0.154 0.183 ± 0.241
politic (F) 0.000 ± 0.000 0.311 ± 0.103 0.000 ± 0.000 0.360 ± 0.072 0.329 ± 0.058
movie (M) 0.000 ± 0.000 0.338 ± 0.021 0.331 ± 0.010 0.331 ± 0.010 0.000 ± 0.000
movie (F) 0.000 ± 0.000 0.667 ± 0.032 0.158 ± 0.036 0.176 ± 0.053 0.000 ± 0.000
fictitious (M) 0.017 ± 0.060 0.703 ± 0.041 0.146 ± 0.022 0.134 ± 0.040 0.000 ± 0.000
fictitious (F) 0.222 ± 0.097 0.753 ± 0.122 0.016 ± 0.050 0.007 ± 0.029 0.003 ± 0.019

Overall 0.086 ± 0.108 0.526 ± 0.260 0.178 ± 0.249 0.103 ± 0.122 0.107 ± 0.135
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6.7 Rank Percentile Analysis
Tables 6.30–6.33 present the percentile rank analysis of recommended authors across different metrics. For each
model, we provide:

• Citations: Percentile rank in total citation count

• Publications: Percentile rank in number of publications

• h_index: Percentile rank in h-index

• e_index: Percentile rank in e-index (citation intensity beyond h-index)

• Norm. Citations: Percentile rank in citations normalized by career age and productivity

Results are presented as mean ± standard deviation across evaluation runs and use cases. Higher percentiles indi-
cate authors rank among the top performers for that metric. Dashes (–) indicate tasks where the model failed to
generate valid responses.

Table 6.30: Analysis of rank percentiles across different use cases in recommendations by llama3‐8b. Values show average
± standard deviation for various metrics.

Task Use Case Citations Publications h_index e_index Norm. Citations

Epoch 1950s 92.128 ± 16.136 89.543 ± 16.252 92.182 ± 14.953 93.501 ± 15.427 55.793 ± 12.693
2000s – – – – –

Field PER 71.694 ± 19.881 73.246 ± 28.615 71.354 ± 24.450 67.851 ± 27.135 45.936 ± 12.031
CM&MP 99.830 ± 0.223 99.415 ± 0.778 99.825 ± 0.195 99.582 ± 0.768 56.304 ± 13.788

Seniority early career – – – – –
senior 99.953 ± 0.045 99.245 ± 0.399 99.905 ± 0.098 99.970 ± 0.020 58.397 ± 1.523

Top-k top-5 99.438 ± 0.459 95.487 ± 1.990 98.380 ± 1.169 99.860 ± 0.111 69.099 ± 9.557
top-100 – – – – –

Twins

famous (M) 98.160 ± 0.978 95.198 ± 4.265 96.654 ± 2.732 97.166 ± 2.015 50.418 ± 19.627
famous (F) 69.946 ± 33.911 63.337 ± 41.251 64.771 ± 38.224 62.354 ± 40.633 40.166 ± 27.660
random (M) – – – – –
random (F) – – – – –
politic (M) – – – – –
politic (F) 93.110 ± 6.690 77.630 ± 16.690 84.240 ± 12.500 95.970 ± 3.970 77.630 ± 8.360
movie (M) 98.288 ± 2.065 94.842 ± 3.456 96.953 ± 3.164 98.623 ± 2.452 58.840 ± 15.494
movie (F) – – – – –
fictitious (M) 43.980 ± 0.000 75.540 ± 0.000 65.410 ± 0.000 57.190 ± 0.000 16.030 ± 0.000
fictitious (F) 88.065 ± 10.734 87.624 ± 9.545 86.647 ± 12.065 88.330 ± 9.940 43.749 ± 16.302

Overall 90.810 ± 17.230 88.878 ± 18.695 89.724 ± 18.280 90.507 ± 19.239 52.401 ± 18.815
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Table 6.31: Analysis of rank percentiles across different use cases in recommendations by gemma2‐9b. Values show aver‐
age ± standard deviation for various metrics.

Task Use Case Citations Publications h_index e_index Norm. Citations

Epoch 1950s – – – – –
2000s – – – – –

Field PER 69.303 ± 28.233 62.353 ± 26.076 56.263 ± 35.338 77.447 ± 19.643 67.077 ± 10.764
CM&MP – – – – –

Seniority early career – – – – –
senior – – – – –

Top-k top-5 96.600 ± 3.290 88.280 ± 8.340 93.475 ± 6.245 98.340 ± 1.650 70.675 ± 3.225
top-100 – – – – –

Twins

famous (M) – – – – –
famous (F) – – – – –
random (M) – – – – –
random (F) – – – – –
politic (M) – – – – –
politic (F) – – – – –
movie (M) – – – – –
movie (F) – – – – –
fictitious (M) – – – – –
fictitious (F) – – – – –

Overall 80.222 ± 25.718 72.724 ± 24.436 71.148 ± 33.124 85.804 ± 18.367 68.516 ± 8.763

Table 6.32: Analysis of rank percentiles across different use cases in recommendations by mixtral‐8x7b. Values show
average ± standard deviation for various metrics.

Task Use Case Citations Publications h_index e_index Norm. Citations

Epoch 1950s 98.190 ± 3.744 95.426 ± 4.013 97.306 ± 3.208 98.763 ± 3.342 57.560 ± 11.752
2000s 95.459 ± 12.621 87.501 ± 24.295 90.064 ± 21.542 92.058 ± 24.962 64.864 ± 19.572

Field PER 85.027 ± 10.711 84.811 ± 10.868 85.660 ± 11.234 84.843 ± 11.070 42.229 ± 12.970
CM&MP 97.466 ± 6.329 96.498 ± 7.280 97.472 ± 6.237 97.190 ± 7.511 58.135 ± 10.262

Seniority early career 79.396 ± 25.798 83.157 ± 21.725 78.432 ± 28.380 74.391 ± 30.793 34.364 ± 7.361
senior 93.913 ± 15.241 90.498 ± 14.663 93.293 ± 11.784 94.730 ± 13.089 58.092 ± 16.155

Top-k top-5 96.657 ± 2.687 87.370 ± 6.930 92.257 ± 5.382 98.173 ± 1.368 74.367 ± 5.847
top-100 91.428 ± 17.851 87.789 ± 18.618 90.652 ± 15.794 91.567 ± 18.045 54.727 ± 20.397

Twins

famous (M) 85.051 ± 24.936 83.530 ± 20.790 86.589 ± 18.631 88.514 ± 19.481 52.207 ± 26.136
famous (F) 88.998 ± 13.469 76.233 ± 20.203 82.792 ± 17.042 85.955 ± 21.196 79.945 ± 10.909
random (M) 97.971 ± 3.533 97.073 ± 2.628 97.501 ± 3.395 97.337 ± 4.748 58.070 ± 18.357
random (F) – – – – –
politic (M) – – – – –
politic (F) 90.906 ± 9.197 86.516 ± 13.247 89.458 ± 11.044 90.553 ± 11.238 58.691 ± 16.682
movie (M) 99.083 ± 1.149 93.318 ± 6.563 96.473 ± 5.350 99.845 ± 0.149 60.540 ± 10.932
movie (F) 78.903 ± 28.199 85.097 ± 8.927 81.767 ± 19.558 84.247 ± 22.045 60.630 ± 27.410
fictitious (M) 88.998 ± 13.469 76.233 ± 20.203 82.793 ± 17.042 85.955 ± 21.196 79.945 ± 10.909
fictitious (F) 89.980 ± 12.206 80.086 ± 19.645 84.660 ± 15.694 87.058 ± 19.086 69.324 ± 23.376

Overall 92.831 ± 15.197 89.121 ± 16.181 91.378 ± 14.812 92.736 ± 16.503 58.751 ± 18.924
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Table 6.33: Analysis of rank percentiles across different use cases in recommendations by llama3‐70b. Values show aver‐
age ± standard deviation for various metrics.

Task Use Case Citations Publications h_index e_index Norm. Citations

Epoch 1950s 92.648 ± 12.661 87.383 ± 21.752 90.559 ± 19.207 91.230 ± 21.256 55.362 ± 16.203
2000s 93.916 ± 17.486 91.158 ± 20.110 91.847 ± 22.494 91.721 ± 25.370 58.251 ± 16.088

Field PER 78.037 ± 20.423 81.042 ± 22.446 77.359 ± 24.804 77.893 ± 22.236 37.395 ± 14.723
CM&MP 98.501 ± 7.001 96.956 ± 9.239 97.935 ± 7.934 98.486 ± 7.597 55.944 ± 14.470

Seniority early career 95.629 ± 9.606 92.272 ± 15.928 90.288 ± 24.473 89.647 ± 27.833 55.755 ± 14.237
senior 84.787 ± 24.804 79.446 ± 31.379 78.664 ± 34.234 76.659 ± 39.511 58.196 ± 16.591

Top-k top-5 99.778 ± 0.306 98.404 ± 1.219 99.766 ± 0.161 99.650 ± 0.660 56.568 ± 15.984
top-100 91.084 ± 19.975 87.779 ± 22.202 89.338 ± 21.958 90.240 ± 22.969 55.386 ± 19.120

Twins

famous (M) 94.436 ± 7.361 94.718 ± 5.844 93.739 ± 8.478 93.336 ± 7.866 41.059 ± 12.875
famous (F) 84.387 ± 25.524 89.692 ± 12.265 85.824 ± 22.332 84.084 ± 25.396 43.313 ± 14.876
random (M) 73.051 ± 33.281 81.581 ± 22.223 78.020 ± 23.924 75.003 ± 26.304 33.470 ± 11.018
random (F) 76.569 ± 24.416 86.809 ± 13.578 80.631 ± 20.521 79.115 ± 19.347 30.704 ± 11.170
politic (M) 99.375 ± 0.664 99.407 ± 0.435 99.158 ± 0.810 98.146 ± 2.405 37.406 ± 10.575
politic (F) 93.240 ± 7.876 89.052 ± 5.146 92.157 ± 5.407 93.798 ± 8.104 66.237 ± 18.592
movie (M) 98.343 ± 1.988 95.083 ± 2.064 96.954 ± 2.966 98.145 ± 2.887 59.263 ± 19.365
movie (F) 77.867 ± 31.476 73.094 ± 33.785 71.922 ± 38.019 69.590 ± 44.378 69.998 ± 10.520
fictitious (M) 98.910 ± 3.680 97.331 ± 3.510 98.799 ± 3.283 98.980 ± 3.369 49.713 ± 12.595
fictitious (F) 97.810 ± 8.575 96.082 ± 13.888 97.154 ± 12.284 96.537 ± 13.944 53.830 ± 22.407

Overall 91.190 ± 18.902 89.188 ± 20.644 89.338 ± 22.670 89.244 ± 24.866 53.607 ± 18.022
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