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Abstract

Predicting the future impact of newly published articles
is pivotal for advancing scientific discovery in an era
of unprecedented scholarly expansion. This paper in-
troduces a promising approach, leveraging the capabil-
ities of LLMs to predict the future impact of newborn
articles solely based on titles and abstracts. Breaking
away from traditional methods heavily reliant on exter-
nal data, we propose fine-tuning the LLM to uncover
the intrinsic semantic patterns shared by highly impact-
ful articles from a vast collection of text-score pairs.
These semantic features are further utilized to predict
the proposed indicator, TNCSIgp, which incorporates
favorable normalization properties across value, field,
and time. To facilitate parameter-efficient fine-tuning of
the LLM, we have also meticulously curated a dataset
containing over 12,000 entries, each annotated with ti-
tles, abstracts, and their corresponding TNCSIgp val-
ues. Experimental results reveal an MAE of 0.216 and
an NDCG@20 of 0.901, setting new benchmarks in
predicting the impact of newborn articles. Finally, we
present a real-world application example for predicting
the impact of newborn journal articles to demonstrate its
noteworthy practical value. Overall, our findings chal-
lenge existing paradigms and propose a shift towards
a more content-focused prediction of academic impact,
offering new insights for article impact prediction.

Link — sway.cloud.microsoft/KOH09sPR21Ubojbc

Demo — https://huggingface.co/spaces/ssocean/
Newborn_Article_Impact_Predict

Introduction

The emerging field of article impact prediction is becoming
increasingly critical in advancing scientific research. Gen-
erally, it focuses on forecasting the potential future citation
counts of academic publications by exploiting the external
datarelated to the article (Xia, Li, and Li 2023), such as early
citation feature, venue characteristics, and author reputation,
etc. Unlike traditional bibliometric evaluations that measure
established influence, article impact prediction typically en-
compasses a broader range of applications. Large institu-
tions utilize it for research funding decisions and academic
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Figure 1: A taxonomy of article impact prediction (AIP):
since there are virtually no other Lv. IT methods, the “new-
born AIP” segment represents the proposed approach, which
predicts future academic impact in a “double-blind peer-
review” manner.

promotions. Individuals may also benefit from impact pre-
dictions, which help them efficiently identify cutting-edge
articles and remain leading in their fields, especially given
the hundreds of daily arXiv submissions across various aca-
demic disciplines.

Recently, as the field of Large Language Model (LLM)
agent-based automated scientific research systems rapidly
evolves (de la Torre-Lopez, Ramirez, and Romero 2023;
Wang et al. 2023; Lu et al. 2024), article impact prediction
has never been more important than it is today. Imitating hu-
man experts, these autonomous systems typically start with
identifying the most relevant and valuable research literature
from extensive academic articles. Only then do these sys-
tems extract and synthesize knowledge from the retrieved
literature, thereby enabling practical applications such as
idea generation (Baek et al. 2024), and compound discov-
ery (M. Bran et al. 2024), efc. As the saying goes, You can’t
make bricks without straw, article impact prediction has thus
become a central component of automated research systems.

However, almost all existing impact prediction ap-



proaches rely on external historical data (Vergoulis et al.
2020; Wang et al. 2021; Zhao and Feng 2022; Abbas et al.
2023; Zhang and Wu 2024), which limits the practical value
of these methods. Particularly, for those newly uploaded pa-
pers on pre-print websites (e.g., arXiv), the absence of his-
torical citation data and publication venue information poses
challenges for existing methods to make accurate predic-
tions. In addition, although most academic efforts prefer to
predict citation counts, the validity of citation counts them-
selves remains debatable. As the Leiden Manifesto (Hicks
et al. 2015) and the DORA Declaration (San Francisco
2018) indicate, citation count is not well suited for cross-
disciplinary comparable evaluations and should not be used
as the sole metric for assessing research impact. For exam-
ple, a paper (Li et al. 2023) with one hundred citations might
be unsurprising in the booming field of artificial intelligence,
but in a relatively narrow yet equally important field such as
paleontology, the paper with one hundred citations (Turner
2011) could be considered a cornerstone. Since automated
scientific research systems mostly start from estimating the
value of articles, such limitations undoubtedly weaken their
ability to gather knowledge from other fields, thereby reduc-
ing the efficiency of knowledge synthesis.

To address the potential issues of regarding citation counts
as the regression target, we first draw inspiration from the
design principles of the Topic Normalized Citation Success
Index (TNCSI) (Zhao et al. 2024) and make tailored im-
provements to adapt it for predicting the impact of newborn
papers across various fields. The improved metric is named
TNCSIgp, where S P stands for the Same Period, to high-
light that the proposed metric is capable of comparing pa-
pers across varying time frames. Since key elements such as
contribution, novelty, and insights are often reflected in the
title and abstract, we contend that the “worth” of an article
can typically be assessed by “words”. Therefore, we try to
regress the TNCSIgp by feeding only the title and abstract
to fine-tune the LL.Ms for reliable impact predictions.

For better clarity on the current state of impact prediction
methods, we summarize and introduce a taxonomy based on
the information required for the prediction (See in Fig. 1).
The first level is called unrestricted article impact prediction,
where predictions are permitted to rely on external histori-
cal information, and authors’ reputation; this is the level at
which most current methods are situated. The second level is
named newborn article impact prediction, which particularly
emphasizes making predictions about the impact only based
on the article itself. This task is similar to a double-blind
review process, where the model predicts the future impact
without any author and affiliation information, publication
details, or early citation data. Such an approach is partic-
ularly valuable for screening newly uploaded manuscripts,
such as arXiv pre-prints and conference papers, as it may
help researchers effectively identify the most promising ar-
ticles. In this paper, we focus on the most challenging yet
most valuable task: newborn article impact prediction.

To summarize, the core contributions of this work are as
follows:

* New Task: We introduce a taxonomy and define a novel
task entitled newborn article impact prediction, which
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aims to accurately predict the scholarly impact of newly
published articles without external information.

* New Method: Tailored improvements have been made
to the TNCSI, and for the first time, we demonstrate that
fine-tuned LLMs are capable of predicting the future im-
pact of newborn articles in a “double-blind review” setup.

* New Dataset: Accordingly, we have constructed and re-
leased the TKPD and NAID datasets. They are used to
guide ChatGPT in generating topic key phrases and to
train state-of-the-art LLMs for accurate article impact
predictions, respectively.

» Application: Finally, we discuss and present an exam-
ple of the proposed method’s application in a real-world
scenario, specifically in predicting the impact of journal
articles published in 2024, with the hope of inspiring fur-
ther advancements in the broader research field.

Related Work

Bibliometrics is a research field that utilizes quantitative
analysis and statistical methods to assess the impact of
scholarly publications. Typically, bibliometrics can be di-
vided into two major categories: metrics for evaluating jour-
nals and metrics for evaluating individual articles. As the
Leiden Manifesto (Hicks et al. 2015) and the DORA Decla-
ration (San Francisco 2018) recommend, do not use journal-
based metrics to measure the quality of individual research
articles. Therefore, in this paper, we do not intend to use any
journal-level bibliometric indicators (such as JIF (Garfield
1955)) as inputs or prediction targets. Instead, we focus
on bibliometric indicators for individual articles. Tab. 1 il-
lustrates the differences among them. Although FWCI and
RCR are excellent metrics, their non-normalized numerical
properties may impair the convergence of neural networks.
Proposed by Zhao et at., TNCSI (Zhao et al. 2024) features
a clear physical meaning and favorable mathematical prop-
erties, representing the probability (ranges between 0 and 1)
that an article’s impact surpasses that of other articles in the
same field. However, TNCSI is initially designed to evalu-
ate review papers across different fields and is therefore not
suitable for assessing normal research papers. Furthermore,
TNCSI primarily focuses on assessing the existing impact
of a review paper and does not normalize the impact of pa-
pers published in different years. This may lead to poten-
tial unfair comparisons in newborn article impact prediction
tasks. Therefore, we propose an improved version to address
the limitations of TNCSI. More details can be found in the
Approach section.

Article Impact Prediction approaches typically adopt ma-
chine learning methods to forecast the future impact of ar-
ticles. Most existing methods tend to exploit article statis-
tical features, author characteristics, journal attributes, and
historical citation data to aid decision trees, LSTM, MLP,
and other machine learning algorithms in making predic-
tions (Fu and Aliferis 2008; Wang, Yu, and Yu 2011; Qiu and
Han 2024; Kousha and Thelwall 2024). Ruan et al. (Ruan
et al. 2020) aims to enhance the prediction accuracy of
five-year citation counts using a four-layer Back Propaga-
tion (BP) neural network by leveraging multiple features re-



Bibliometric Value Field Time
Cites X X X
FWCI (Colledge 2014) X v v
RCR (Hutchins et al. 2016) X v v
TNCSI (Zhao et al. 2024) v v X
TNCSIsp (Ours) v v v

Table 1: Several article-level bibliometrics for evaluating
scholar Impact: value, field, and time respectively indicate
whether the metric is a value between 0 and 1, whether it al-
lows for cross-field comparisons, and whether it is suitable
for the comparison of papers published at different times.
These normalizations facilitate the network training.

lated to papers, journals, authors, references, and early ci-
tations. Ma ef al. (Ma et al. 2021) propose a citation count
prediction model that uses early citations and paper seman-
tic features as input and employs Bi-LSTM for final pre-
dictions. Another notable citation-based machine learning
approach exploits static features and time-dependent cita-
tion features to predict potentially excellent papers (Hu, Cui,
and Lin 2023). In ABBAS’s work (Abbas et al. 2023), an
MLP-based method leveraging only external features is pro-
posed to make prediction of future citation counts, achiev-
ing a decent performance with an NDCG of 0.95. Zhang et
al. (Zhang and Wu 2024) discover that employing different
models for papers in various domains significantly enhances
the accuracy of prediction by leveraging early citation data.
De (de Winter 2024) attempts to guide ChatGPT-4 in scoring
over 2,000 paper abstracts from multiple perspectives, find-
ing that the scores have Spearman correlation coefficients
greater than 0.4 with Mendeley readership, and a correlation
of 0.18 with citation counts. To the best of our knowledge,
there is currently no method capable of accurately predicting
the impact of an article based solely on the internal content.
Large Language Models have demonstrated powerful
long-form text modeling capabilities and have been widely
applied to various NLP tasks over the past few years, includ-
ing dialogue systems, machine translation, sentiment anal-
ysis, etc. (Zhao et al. 2023; Tu et al. 2024; Jiang et al.
2024) Many commercial large language models (OpenAl
2022, 2023; Google 2024; Kimi.ai 2024) are not openly ac-
cessible, which prevents us from fine-tuning or instruction-
tuning them. Therefore, we turned our attention to several
excellent open-access large language models. LLaMA se-
ries (Touvron et al. 2023; Al 2024) are advanced language
models created by Meta Al, available in multiple versions
ranging from 7B to 70B parameters. It demonstrates decent
performance on most tasks and has been widely adopted
for various applications. Apart from LLaMA, there are sev-
eral other notable open-source large language models, such
as Qwen (Bai et al. 2023), Mistral (Jiang et al. 2023), Fal-
con (Almazrouei et al. 2023), etc. Regardless of the specific
large language model, they were originally developed for au-
toregressive text generation. In this study, we use only the
first generated token for numerical regression. Detailed de-
scriptions and comprehensive evaluations of these models
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will be provided in the Approach and Experiment sections.

Approach
Tailored Improvement to the TNCSI

As mentioned in the Related Work section, TNCSI suffers
from certain limitations, such as being restricted to evaluat-
ing review papers and only taking into account the cumu-
lative impact of articles. We conducted a detailed analysis
of its computational process and identified the reasons be-
hind these limitations. First, TNCSI requires a predefined
prompt template to guide ChatGPT in generating a corre-
sponding review research area from the given title and ab-
stract. The original prompt is specifically designed for re-
view papers rather than normal research papers. Therefore,
using their prompt directly on regular papers results in poor
performance. Second, TNCSI primarily considers the cu-
mulative impact of an article since its publication. How-
ever, for constructing datasets of the article impact predic-
tion task, this approach may lead to potential issues of un-
fair comparison. Specifically, papers published earlier typi-
cally exhibit higher TNCSI values than recently published
ones. This could potentially confuse the network’s learning
process, making LLM difficult to model the relationship be-
tween text features and its impact values.

Based on the discussion above, we make tailored im-
provements to the TNCSI and name the improved met-
ric as TNCSIgp. Similar to the computational procedure
of TNCSI, the procedure of the proposed TNCSIgp is di-
vided into three steps. In the first step, a well-designed
prompt is utilized to guide ChatGPT (currently referred to
gpt-3.5-turbo-0125) to identify the topic key phrase of an
article. We have designed and tested a variety of prompt
templates for identifying the article key phrase from differ-
ent perspectives. To further mitigate individual cognitive bi-
ases, we enlisted the help of numerous researchers in the
prompt creation process. All prompt templates are tested
on a human-annotated dataset to evaluate the corresponding
performance in the key phrase identification task. The sec-
ond step involves using ChatGPT-generated key phrases to
retrieve 1,000 related papers and their mata-info (e.g., cita-
tion counts) from the Semantic Scholar API. Unlike TNCSI,
which considers citation counts over the entire timeframe,
TNCSIgp focuses on the concurrent papers within a 6-
month window before and after the publication date. This
approach ensures that each paper is compared only to oth-
ers published within a similar timeframe, thereby minimiz-
ing the citation advantage that older papers accumulate due
to their extended presence. As a result, this method en-
dows TNCSIgp with the ability to normalize citation im-
pact across different publication times. The final step re-
mains consistent with TNCSI. The simplified mathematical
expressions are shown as follows:

Count(p,)

PX=x)= =

(D

Here, C' = 1000 refers to the total number of retrieved
papers. Count(p,,) represents the number of paper p with x
citations. P(X = z) is a discrete probability distribution
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Figure 2: Flowchart for calculating TNCSIgp: TNCSIgp € [0, 1] represents the probability that a paper’s citation count
outperforms other papers in the same field and time period. “S2” refers to Semantic Scholar.

that describes the probability of a paper having exactly z
citations among the retrieved C' papers.

In their work (Zhao et al. 2024), P(X = x) has been
thoroughly discussed and is shown to follow an exponen-
tially decaying distribution. Therefore, it could be converted
into a probability density function using the maximum like-
lihood estimation. As shown in Eq. (2), we may derive the
final TNCSIgp € [0, 1] by calculating the value of the cor-
responding definite integral:

@

where cites represents the number of citations that the paper
being evaluated has received.

cites
TNCSIgp = / Xe M dx, x>0,
0

LLM for Newborn Article Impact Prediction

The autoregressive mechanism of large language models has
been well-documented (Zhao et al. 2023). Essentially, these
decoder-only models generate text in a sequential manner,
with each token prediction relying on the context provided
by the previous tokens. Such a paradigm allows it to fully
leverage unlabeled data for self-supervised learning.

|| Title | | Abstract| ... | .. ]
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Figure 3: LLM as scholar impact predictor: overall frame-
work of the proposed approach. Only the Next Token (first
generated token) is used to regress the TNCSIgp.

In this paper, we maintain the autoregressive generation
scheme of the large language model unchanged. However,
unlike conventional text generation, we focus solely on the
first token that the model generates autoregressively in re-
sponse to user input. Specifically, assume the current input
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sequence is {wy, wa, ..., w;:}. The relationship between the
LLM and the generation of the next token w;; can be ex-
pressed as:

w1 = LLM(wq, wa, ..., wy), 3)

where LLM(-) represents a large language model that pre-
dicts the next token in the sequence based on the input token
sequence {wy, wa, ..., W}

To facilitate the LLM’s prediction of a single numerical
value, we employ a simple multi-layer perceptron (MLP) to
transform w; 1 € RZ*1*P into a real number v € R. Then,
the value v is fed to a Sigmoid function, resulting in the pre-
dicted TNCSISP € [0, 1]. Here, B represents the batch size,
D is the dimension, and R denotes the set of real numbers.
The process can be represented by the following equations:

TNCSIgp = o(MLP(wsy1)), 4)

where TNCSIgp is computed by passing w;4; through an
MLP followed by a Sigmoid function o.

Finally, we aim to minimize the mean square error (MSE)
loss to align the predicted output T NCSIgp to the TNCSIgp
obtained from previous statistical calculations.

In practice, the immense number of parameters in large
language models requires substantial computational re-
sources for training, which exceeds our practical capac-
ity. Therefore, we adopted low-rank matrix decomposition
(LoRA) (Hu et al. 2021) and model quantization tech-
niques (Dettmers et al. 2022) to reduce computational re-
source consumption and accelerate network training and in-
ference processes. We recommend readers refer to the orig-
inal papers for further details.

Datasets Construction

We have constructed a total of two datasets, the Topic Key
Phrase Dataset (TKPD) and the Normalized Article Influ-
ence Dataset (NAID). Each of these datasets serves different
purposes, which will be described in more detail below.

Topic Key Phrase Dataset: TKPD includes 251 entries en-
compassing titles, abstracts, and core task or field names
of random articles across various fields in artificial intel-
ligence. To mitigate subjectivity in our study and ensure
consistent annotations, we employ manual labeling of key
phrases by a seasoned Al researcher and enlist three ad-
ditional researchers to double-check the annotations. Due
to the specialized knowledge required for data annotation,



this paper is precluded from annotating articles from non-Al
fields. Nevertheless, we believe that the inconsistencies be-
tween the different subfields within the Al field are sufficient
to simulate the differences between the distinct disciplines.
Normalized Article Impact Dataset: NAID is used to train
LLMs to predict the impact of articles. It comprises the title,
abstract, and the corresponding TNCSIgp, etc. The NAID
consists of over 12,000 data entries from various Al fields,
excluding survey papers, and includes papers with category
IDs ”cs.CV”, ”cs.CL”, and “cs.AI” uploaded to arXiv be-
tween 2020 and 2022. In particular, the “cs.Al” category
spans a broad range of disciplines such as mathematics,
physics, and cognitive science, thereby extending the train-
ing data beyond the AI domain. NAID is a uniformly dis-
tributed dataset, meaning that the sources of the papers, the
original publication year of the papers, and the correspond-
ing TNCSIgp values are evenly distributed.

Experiments
Metrics

Mean Absolute Error: MAE is employed to assess the pre-
diction accuracy. It is a measure used to evaluate the dis-
crepancy between the predicted value and the ground truth
1;, which is defined as follows:

171
MAE = — i — il
nE lyi — il

i=1

&)

where n represents the number of samples in the test set,y;
denotes the actual output (e.g., TNCSIgp), y; stands for the
predicted value (e.g., TNCSIsp), |y; — 5| is the absolute
difference between the actual and predicted values. Gener-
ally, a lower MAE indicates a higher accuracy of the model’s
predictions.

Normalized Discounted Cumulative Gain (Jirvelin and
Kekildinen 2000): NDCG is another metric to evaluate the
effectiveness of the prediction. NDCG, originally developed
for recommendation systems to measure the gain of a doc-
ument based on its position in the recommended list, is cal-
culated as follows:

DCG@K

IDCG@K’ ©
where DCG@K = YK (20 — 1)/log,(i + 1), and
IDCG@K = Y5 (2 — 1)/log,(i + 1). K = 20 repre-
sents the position cutoff for the recommended list. NDCG is
a metric that ranges from 0 to 1, with scores closer to 1 re-
flecting that more influential documents are ranked higher,
signifying better performance.

Normalized Edit Distance (Yujian and Bo 2007): NED is a
metric to measure the similarity between two strings by nor-
malizing the edit distance by the length of the longer string.
It is defined as:

NDCG@K =

ED(A, B)
max(|Al, |B[)’
where ED(A, B) is the edit distance between strings A and

B, and max(|A|, | B|) is the length of the longer string. The
lower the NED value, the more similar the two strings are.

NED(4, B) = 7

1187

Comparison with Previous Methods

We employ NDCG to assess the effectiveness of different
methods in identifying high-impact papers, given their vary-
ing prediction targets. To ensure fairness, we exclude the ex-
ternal data relied upon by previous approaches. Reproduc-
tion details are provided in the Appendix.

Tab. 2 clearly illustrates the performance differences be-
tween our proposed method and previous methods in identi-
fying potentially high-impact papers. The proposed method
demonstrates a notable superiority in the newborn article
impact prediction setting compared to earlier representative
works. Most level I methods underperform without exter-
nal information. For example, the LSTM-based method (Ma
et al. 2021) reports an NDCG of 0.84 when leveraging ex-
ternal information, but its performance drops significantly
to 0.196 when relying solely on the title and abstract, sug-
gesting a limited capacity to effectively map semantic fea-
tures to the target TNCSIgp. The less favorable perfor-
mance of ChatGPT-generated and LLaMA-3-generated ap-
proaches in identifying high-impact papers suggests that
zero-shot LLM-generated approaches still require further
exploration. In summary, we believe the significant perfor-
mance improvements of the proposed approach could be
credited to LLaMA-3’s extensive foundational knowledge
and the incorporation of the TNCSIgp metric during fine-
tuning, which enhances its ability to identify impactful se-
mantic features across various domains and time periods.

Performance of Various LLMs

As the central task of this paper, we comprehensively evalu-
ate the performance of various LLMs on the NAID test set.
As shown in Tab. 3, LLaMA-3-8B achieves the best over-
all performance. Interestingly, we observe that MAE and
NDCG are not always inversely correlated; for example,
while Falcon achieves a lower MAE than Phi-3, its NDCG
is slightly lower. This suggests that Falcon is more accu-
rate in predicting lower-impact papers but less effective for
high-impact ones. Since our primary focus is on identifying
high-impact papers, a higher NDCG is generally more ad-
vantageous than a lower MAE in this scenario.

The Qwen family is selected to further explore the effects
of model size on the performance of article impact predic-
tion tasks. Compared to the LLaMA series, the Qwen series
features more official models with smaller parameter sizes,
specifically 0.5B, 1.5B, and 7B. We train each of these mod-
els on the NAID train set, and the test results are illustrated
in Fig. 4. It can be observed that as the model parameter size
increases, the performance correspondingly improves.

Effectiveness of Prompt Engineering

This paper conducts prompt engineering on two tasks: iden-
tifying the topic key phrase for calculating TNCSIgp, and
guiding the LLM to make predictions.

For Identifying Key Phrase: We conduct numerous ex-
periments to test the performance of different models and
prompts on the TKPD. Tab. 4 reports the NED for 3 repre-
sentative prompts on the TKPD. Ultimately, we employ the



Methods Ori. Lv.  Input Feature for Fair Comparison Target NDCG 1
MLP-based (Ruan et al. 2020) I paper length, reference numbers, efc.  Cites 0.147
LSTM-based (Ma et al. 2021) I title, and abstract Cites 0.196
Model Ensemble (Zhang and Wu 2024) I (Ruan et al. 2020) + research filed Cites 0.201
MLP-based (Hu, Cui, and Lin 2023) I the same to (Ruan et al. 2020) Is Top 5% 0.464
ChatGPT-generated (de Winter 2024) 11 title, and abstract Score 0.597
LLaMA-3-generated II title, and abstract TNCSIsp 0.674
Fine-tuned LLaMA-3-based 11 title, and abstract Cites 0.403
Fine-tuned LLaMA-3-based II title, and abstract FWCI 0.594
Fine-tuned LLaMA-3-based (ours) II title, and abstract TNCSIsp 0.901

Table 2: Comparison with previous approaches: the proposed method achieves notable advantages among others. An upward
arrow indicates that a higher value is better, and vice versa. Bold font denotes the best performance among all methods. ‘Ori.
Lv. refers to the taxonomy level of the original study, while ‘Target’ denotes the predicted target type in the corresponding

research. See the Appendix for more reproduction details.

LLMs Size] MAE| NDCG?T Memory]
Phi-3 3.8B 0.226 0.742 6.2GB
Falcon 7B 0.231 0.740 8.9GB
Qwen-2 7B 0.223 0.774 12.6GB
Mistral 7B 0.220 0.850 15.4GB
LLaMA-3 8B 0.216 0.901 9.4GB

Table 3: Performance comparison of different LLMs on the
NAID test set: “Memory” stands for the minimum memory
usage during inference.

prompt template from the last row, along with gpt-3.5-turbo-
0125, to generate topic key phrases. Extended experimental
records can be found in the Supplementary Material.

User Prompt Template NED]

0.30

Identify the research field from the given ti-
tle and abstract. You MUST respond with the
keyword ONLY in this format: xxx

Based on the title and abstract, determine the
main area of study for the paper, focusing
on a keyword that accurately represents the
field. You MUST respond with the keyword
ONLY in this format: xxx.

Given the title and abstract below, determine
the specific research field by focusing on the
main application area and the key technol-
ogy. You MUST respond with the keyword
ONLY in this format: Xxx.

0.29

0.26

Table 4: Comparison of various user prompts for identifying
topic key phrase.

For Guiding LLM: As shown in Tab. 5, We test several
prompt templates to wrap the title and abstract before in-
putting them into the fine-tuned LLM. Despite PEFT, varia-
tions in prompt templates affect performance; more detailed
descriptions often lead to better results. However, overly de-
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Figure 4: The impact of various model parameters on per-
formance: the larger the number of model parameters, the
better the performance.

tailed prompts may also cause a slight NDCG decrease.

Comparative Analysis of the TNCSIgp

We have trained LLaMA-3 on articles from different years
and with various regression targets to demonstrate the supe-
riority of the proposed TNCSIgp. As shown in Fig. 5, when
targeting the improved TNCSIgp, the model provides more
stable predictions regarding articles from different years. Ta-
ble 6 further demonstrates the generalizability of TNCSIgp.
It enables various types of models to better resist the bias
accumulated over time. This suggests that TNCSIgp em-
powers the model to identify semantic features shared by
high-impact articles across different years, thereby achiev-
ing significant improvements in overall task performance.

Applications

In this section, we present an intriguing example, journal
average impact prediction, to further demonstrate the effec-
tiveness of our method in real-world applications.
Theoretically, journals in different quartiles are expected
to exhibit varying average impacts. Therefore, we guide
the LLaMA-3 to predict the average TNCSIgp of articles



Prompt Template

Title: {title} \n Abstract: {abstract}.

Given the provided title and abstract, pre-
dict the future normalized academic impact
on a scale from 0 (lowest impact) to 1 (high-
est impact). You may consider factors such
as the language clarity, novelty of the re-
search, or the claim of state-of-the-art, etc.
Title: {title}\nAbstract: {abstract}

Given a certain paper entitled {title}, and its
abstract: {abstract}. Predict its normalized
scholar impact:

Given a certain paper entitled {title}, and its
abstract: {abstract}. Predict its normalized
scholar impact (between 0 and 1):

NDCGT

0.849
0.869

0.889

0.901

Table 5: Comparison of various prompts for guiding LLMs
to predict the future impact.
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0.313 2020
. 2021
0.30 2022
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' 0.229 .
0.20
0.15 TNCSI TNCSlsp

Figure 5: Impact of different prediction targets on perfor-
mance: TNCSIgp demonstrates superior performance over
TNCSI with training data from different years.

published in 2024 across several journals from different
JCR quartiles within the field of computer science. Since
LLaMA-3’s training data only extends up to early 2023, it
is highly unlikely that the model has encountered these ar-
ticles, significantly reducing the risk of data leakage. It is
also worth noting that a journal’s impact factor would be
significantly influenced by a small number of highly cited
papers (Lei and Sun 2020; Leydesdorff 2012). To this end,
we analyzed over 500 randomly selected articles from vari-
ous journals across different quartiles for impact prediction,
focusing on the average predicted TNCSIgp of the top 5%
and 25% of notable papers within each quartile. In Fig. 6,
we observe a clear positive correlation between the predicted
impact of the notable top 5% of articles and their respective
quartiles. Although the predicted impact of the top 25% of
articles in the Q2 quartile is slightly higher than that of QI,
it is still considered a reasonable phenomenon.

Beyond journal impact prediction, our system holds
promise for a variety of other real-world applications. For
instance, given the vast number of daily pre-print submis-
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Methods Target NDCG 1
MLP-based TNCSI 0.464
MLP-based TNCSIsp 0.634
LSTM-based TNCSI 0.373
LSTM-based TNCSIsp 0.646
Fine-tuned LLaMA-3-based TNCSI 0.865
Fine-tuned LLaMA-3-based TNCSIsp 0.901

Table 6: Performance comparison using the TNCSIgp
metric: all methods show improvements when targeting
TNCSIsp. The input is consistent with Tab. 2.

sions, the proposed approach may also help efficiently iden-
tify high-quality research worth closer examination. It may
significantly reduce the time researchers spend reviewing
large volumes of papers on arXiv, thereby enhancing overall
research efficiency.

0.850 —e— Notable Top 5% 0.832
—=— Notable Top 25%

o 0.800
ey
n
=
g0.700 0.676 0,868
£ 0.650 0.044
2

0.600

0.56
0.550
Q4 Q3 Q2 Q1
JCR Quartiles

Figure 6: Predicted TNCSIgp values for journals in differ-
ent JCR quartiles: higher quartiles show higher predicted
values. To avoid potential conflicts of interest, we denote
Ql, Q2, Q3, and Q4 to represent articles from journals in
JCR quartiles 1, 2, 3, and 4, respectively.

Conclusion

In this paper, we demonstrate the potential of LLMs for pre-
dicting the tailored TNCSIgp of newborn papers with ti-
tles and abstracts only. The NAID dataset, comprising over
12,000 entries, is constructed and utilized to fine-tune var-
ious advanced LLMs. Empirical evaluations demonstrate
that the LLaMA-3 model, with an MAE of 0.216 and an
NDCG@20 of 0.901, significantly surpasses the perfor-
mance of prior methods when solely relying on internal in-
formation. Furthermore, the impact values predicted by our
method show a strong positive correlation with the quar-
tile rankings of journals for articles published in 2024, il-
lustrating the practical applicability of our approach in real-
world settings. Overall, the proposed approach effectively
estimates a future impact score from O to 1 for newly pub-
lished papers, presenting considerable benefits for individu-
als, institutions, and automated scientific research systems.



Ethical Statement

We are aware of the potential for manipulation through
excessive optimization of titles and abstracts. Researchers
must refrain from excessively embellishing titles and ab-
stracts, particularly by making false claims about un-
achieved performance or overly exaggerating the signifi-
cance of their methods, in an attempt to manipulate pre-
dicted impact values.

Due to constraints such as the access frequency limits
of the Semantic Scholar API, we are unable to construct a
larger dataset. Therefore, our proposed method only serves
as a preliminary exploratory approach. The predictions gen-
erated by this method are probabilistic estimates and should
never be considered definitive assessments of an article’s
quality. The method is intended to provide additional in-
sights and must not replace the existing peer-review pro-
cess, which remains essential for maintaining the integrity
and rigor of academic research. The authors are not respon-
sible for any decisions made based on the predictions.
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