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Excellent scholars as their research capabilities ultimately manifest as fluctuations in bibliometric indexes. Exam-

Growth pattern

Scientific productivity
Academic impact

Academic comprehensive ability
Dynamic time wrap

ining the commonalities in the trajectories of these bibliometric indexes displays the universal
characteristics of their growth process, and furtherly shows exemplary routes to scientific success.
In this study, we examine 287 excellent scholars elected as ACM Fellows in the field of computer
science from 2016s to 2020s. Based on their changes in productivity, impact, and comprehensive
abilities, we categorize them into three categories, four categories, and six categories, respec-
tively. Most of these scholars experience continuous growth in productivity during the early
development stages, maintaining a prolonged period of high productivity in the mid-later
maturity stages. Their impact rises smoothly and consistently, while the growth of their
comprehensive abilities is relatively gradual, remaining at above-average levels in the mid-later
maturity stages. Furthermore, the level of recognition within the scientific research community
varies for different categories of scholars, and there are also differences in the growth patterns
between scholars from Asia and those from Western regions.

1. Introduction

In the 21st century characterized by the prominence of human resource, the cultivation and identification of excellent scholars has
become a focal point in the field of scientific research. It is imperative to investigate methods for effectively identifying potential
researchers based on their scholarly attributes and development models (Liu et al., 2021; Sinatra et al., 2016). Consequently, extensive
research has been conducted on identifying scholarly characteristics and career development trajectories (Feichtinger et al., 2019; Ram
et al., 2022; Sun et al., 2023; Way et al., 2017; Way et al., 2019), which provides valuable insights for evaluating existing researchers
and allocating resources. Due to the gradual and intricate nature of scholars’ development (Wang et al., 2019), it is disputed to ensure
scientific validity by identifying elite characteristics from a static perspective. This has led recent studies to adopt a developmental
perspective in elite identification, and these studies has gained insights into the growth trajectories of different types of scholars, such
as the randomness in the productivity changes of most scholars (Zhang, LaBerge, Way, Larremore, & Clauset, 2023) and several
dynamic indicators of evaluating scholars’ research abilities in previous studies (Fiala, 2014; Pan & Fortunato, 2014).

To explore and nurture these promising scholars, there were numerical investigations about the exclusive characteristics of suc-
cessful scientists. Investigation findings indicate that successful scholars possess diverse characteristics, including outstanding col-
laborators (Li et al., 2019; Zeng et al., 2022), affiliations with prestigious institutions (Zhang et al., 2022), and a consistent pattern of
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producing high-impact works (Liu et al., 2018). Unfortunately, from the analysis of the outstanding scholars’ academic development
patterns based on the above features, it is found that there is significant variability (Li et al., 2019; Sinatra et al., 2016), which means
that these features cannot be considered as sufficient conditions to identify scholars with potential. However, the common charac-
teristic among outstanding scholars with these features is high productivity or high impact. It is currently unknown whether
outstanding scholars’ growth patterns have commonalities when analyzed from the growth of academic ability. Existing research has
only shown the general trend of academic productivity and impact of a general group of scholars (Gyorffy et al., 2020), and has not
analyzed whether outstanding scholars have similar patterns of changes in academic capabilities from this perspective. If outstanding
scholars have similar academic growth patterns, it suggests that their developmental processes possess universal stage-specific
characteristics. Based on these features, timely academic support and assistance can be provided to them, serving as a reference
basis for adjusting the funding system.

To address the deficiencies of existing research, this study evaluates the changes in academic productivity, impact, and overall
capability of outstanding scholars from the perspective of bibliometrics. The goal is to determine if they have similar academic growth
patterns, analyze the combined forms and distinctive characteristics of these patterns, and provide a micro and comprehensive
perspective on understanding the academic growth process of excellent scholars. Specifically, this study focuses on 287 excellent
scholars who were elected as ACM Fellows in the field of computer science between 2016s and 2020s, and these scholars have a
minimum scientific research experience of 20 years. It examines their trajectory of changes in publication volume, h-index, and p-index
from a retrospective perspective, aiming to determine whether these outstanding scholars share similar patterns and experiences in
terms of their productivity, impact, and overall abilities. Furthermore, clustering analysis is employed to categorize scholars based on
the similarity of their trajectories to gain insights into the diverse paths leading to academic success.

2. Related works

Scientific elites deserve considerable attention, not just due to their outstanding contributions to research, which have earned them
reputation and influence, but also because they offer established paradigms for attaining scientific success (Li et al., 2020). Gaining
insights into the career development patterns of these excellent researchers across diverse scientific domains proves invaluable for
scientists and decision-makers aspiring to identify and cultivate their individual professional paths and institutions (Fortunato et al.,
2018). Consequently, numerous quantitative studies have extensively relied on expansive datasets to scrutinize patterns associated
with the academic productivity and impact progression of these elites (Fortunato, 2014; Jones & Weinberg, 2011), the evolutionary
dynamics of scientific collaborative networks (Milojevi¢, 2014; Petersen, 2015), as well as the transitions in job positions within their
respective organizations (Petersen, 2018; Sun et al., 2023). These patterns ultimately forge the career trajectories of scientific elites.

In recent years, there has been significant research focused on analyzing the career trajectories of scientists. This research is
motivated by the necessity to formulate policies that enhance scholars’ career advancements and identify key characteristics that
contribute to successful scientific careers (Bornmann & Williams, 2017; Vinkenburg et al., 2020). While indications of research success
may encompass prestigious awards and high-ranking positions, they ultimately rely on a sufficient level of research productivity and
impact (Nielsen & Andersen, 2021). As a result, previous studies have employed bibliometric methods to examine potential charac-
teristics associated with the academic progression of exceptional scientists, with their citation counts serving as an evaluation crite-
rion. These characteristics include early academic education and publication (Laurance et al., 2013), prolific first-author publications
in high impact factor journals (van Dijk et al., 2014), and a high publication count particularly in top journals during their early careers
(Lee, 2019; Lindahl, 2018; Schilling & Green, 2011). However, whether these characteristics can be considered exclusive features of
outstanding scholars, such as sustained high research productivity (Li et al., 2020; Sinatra et al., 2016), still requires further inves-
tigation and validation.

Distinguishing unique characteristics of outstanding scholars provides an effective method for identifying promising young
scholars (Haunschild & Bornmann, 2023). Existing research in this regard is primarily based on comprehensive scholar datasets,
comparing aspects such as scientific collaborative networks, bibliometric indicators, and personal social attributes to uncover the
characteristics of scholars who have had successful careers (Jin et al., 2021; Li et al., 2020). Among these approaches, comparative
analysis through bibliometric methods has gained wide recognition in academia when examining the differences between ordinary
scholars and outstanding scholars (Bornmann & Williams, 2017; Lindahl, 2018). However, previous research has predominantly
focused on extensive datasets encompassing ordinary scholars, utilizing primarily comprehensive analysis methods encompassing
multiple aspects (Li et al., 2019; Liu et al., 2018; Ram et al., 2022). Even studies specifically focusing on the career development
trajectories of exceptional scientists lack a systematic analysis of scholars’ growth paths from a bibliometric perspective (Jin et al.,
2021; Li et al., 2020).

Analyzing the similarities in the career trajectories of excellent scholars can help to uncover the universal characteristics of their
growth process, showcasing the typical paths that researches take towards scientific success. Bibliometric indicators, which quanti-
tatively measure scholars’ academic abilities, can reveal their developmental trajectories over time. This offers an opportunity to
investigate whether excellent scholars share common patterns of growth. Consequently, this study focuses on outstanding scholars
who were elected as ACM Fellows in the field of computer science between 2016 and 2020. By applying the Dynamic Time Warping
(DTW) method to calculate the temporal similarity of their publication count, h-index, and p-index, and utilizing the K-means clus-
tering algorithm to analyze the similarity of these curves, this research uncovers diverse growth patterns exhibited by excellent
scholars from various regions and backgrounds. These findings provide a detailed and comprehensive insights into the academic
growth process of excellent scholars in the field of computer science.
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3. Data and methodology
3.1. Dataset

The Association for Computing Machinery (ACM), established in 1947, is the largest scientific and educational computing society
worldwide (https://www.acm.org) (Fernandes et al., 2022). The ACM Fellow title, established in 1994, is the most prestigious member
grade and recognizes the top 1 % of its members for their outstanding accomplishments in the computer science field. The selection
criteria for this title have always been that scholars need to have a lasting impact on the computer science field in terms of technical
and leadership contributions, and this impact can be evidenced by publications, products, awards, or other artifacts that are publicly
recognized as worthy of merit (https://awards.acm.org/fellows/nominations). Previous research has defined excellent scholars as
those ranking in the top 1 % of scholars in their research field and age group (Tol, 2013; Van Leeuwen et al., 2003). Therefore, scholars
who have been awarded the title of ACM Fellow can be considered excellent scholars in the field of computer science. As of October
2023, 1444 scholars have been awarded the title of ACM Fellow. This study aims to understand the complete academic growth patterns
of contemporary excellent scholars. In selecting the sample, it is important to include scholars whose attainment of the ACM Fellow
title is as close to the present as possible, without being too late, as scholars who receive the title too late may have incomplete ac-
ademic experiences at the present time. Therefore, this study focused on 316 scholars who were awarded the ACM Fellow title between
2016s and 2020s. Measuring the length of a scholar’s research experience by the time span between the publication of the scholar’s
first and last papers, the selection criteria for the scholars include having at least 20 years of research experience (Fernandes et al.,
2022). The filtering process yielded a list of 287 scholars, including their names, regions, and year of election. These selected scholars
are predominantly from North America, Europe, and Asia, consistent with the geographical distribution of the overall sample (See
Fig. 1A), showing a certain level of representativeness.

Based on above list of 287 scholars, the next step is to obtain their list of publications. DBLP, a treasure trove of open bibliographic
data, offers an abundance of information regarding significant publications in journals and conference proceedings in the field of
computer science (Ley, 2009; Rosenfeld, 2023). As of now, it indexes over 7 million publications from over 3.4 million authors,
published in more than 6000 conferences and 1800 journals. For this fact, we utilized the DBLP website which was widely adopted in
previous studies (Fernandes & Monteiro, 2017; Kim, 2018). In addition, it performs better in scholar disambiguation tasks compared to
the Scopus and Web of Science databases (Kim, 2018), resulting in more comprehensive and accurate publication data collected from
scholars. This study obtained the scholar homepages of 287 ACM Fellows on the DBLP platform (https://dblp.org/search/author/api)
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Fig. 1. Descriptive statistics of all ACM Fellows and ACM Fellows filtered in this study.
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through manual search. Subsequently, by using the public Application Programming Interface (API) provided by DBLP, a total of 52,
429 publication entries for them were accessed. By constructing search queries in Web of Science database (Garfield, 1972) based on
the titles, publication years, and DOIs included in the bibliographic records, we can obtain citation information of these publications
from DBLP. Specifically, for 29,489 publications with DOIs, we can directly obtain citation statistics for these publications based on
their DOIs. For other publications without DOIs, we primarily used the titles and publication years to construct search queries in the
Web of Science platform to obtain their citation information on that platform. Through this search method and combined with manual
verification, we obtained a total of 52,429 publications’ citation statistics on the Web of Science platform. Although the accuracy of
DBLP in disambiguating author names is high, with and recall both above 90 %, there may still be a small number of errors, especially
in dealing with the disambiguation of Chinese scholars’ names, which are prone to homonyms (Kim, 2018). Therefore, we have
individually checked the bibliographic and citation statistics of Chinese scholars’ publications, and randomly sampled and verified the
bibliographic and corresponding citation statistics of 30 scholars, all of which showed no errors or omissions. Thus, we can consider the
collected data to have a certain level of accuracy.

In general, the productivity of a scholar is often measured by the volume of their publications. The scholar’s h-index is defined as
the number of his or her papers with citation number >h, giving particular emphasis to the high-impact papers (Hirsch, 2005). This
metric serves to quantify the influence and number of a scholar’s high-quality academic publications and is widely utilized to gauge
scholarly impact (Saad, 2010). To provide a more comprehensive assessment of a scholar’s academic productivity and impact, the
p-index has been suggested (Prathap, 2010). By considering the total output of a scholar’s papers and the number of citations, it takes
into account all of the scholar’s publications, thereby achieving a balance between quantity and quality of these publications and
offering a more holistic evaluation of the scholar’s comprehensive academic ability (Prathap, 2010; 2011). To assess the academic
productivity, impact, and comprehensive abilities of scholars, we employ various metrics including publication count, h-index (Hirsch,
2005), and p-index (Prathap, 2010). By analyzing the temporal variation of these bibliometric indexes for scholars, dynamic indexes
for evaluating scholars are derived, such as count (y), h (y), and p (y) as shown in Table 1. Specifically, a scholar’s annual academic
productivity indeed shows significant fluctuation and requires attention to year-by-year changes. Therefore, count (y) represents the
total number of papers published by a scholar in year y. On the other hand, the academic impact and comprehensive ability of scholars
are influenced by the cumulative effect of previously published academic works (Raan, 2006; Yang et al., 2022). Consequently, h (y)
and p (y) are calculated based on all the publications a scholar has cumulatively published up to and including the career year y, which
is similar to previous research (Egghe, 2013; Wu et al., 2011). The changes in count (y), h (y), and p (y) over time, as calculated, display
the scholar’s complete academic growth trajectory.

Additionally, considering that scholars may hold different author positions and collaborate with varying numbers of co-authors in
publications, their contributions within each publication may vary (Fernandes et al., 2022). There are various approaches to calculate
author contributions in publications, such as geometric counting (Egghe et al., 2000), arithmetic counting (also called proportional or
positionwise counting) (Kalyane & Vidyasagar Rao, 1995; Van Hooydonk, 1997), and the harmonic algorithm (Hagen, 2008).
However, the geometric counting method underestimates the contributions of authors ranked lower in the publication (Jian & Xiaoli,
2013), while the arithmetic counting method elevates the contributions of some authors at the cost of undervaluing primary authors
(Hagen, 2008). In contrast, the harmonic algorithm produces author contributions to publications that robustly align with empirical
data, making it more accurate (Hagen, 2010; Liu & Fang, 2012). Therefore, in this study, we utilized the following harmonic algorithm
to determines the proportion of scholars’ contributions (W;) across various publications:

1
1+12+1B8+...+1h

Wi=

In the formula, W; represents the contribution of the i-th author to the publication. Here, i denotes the position of the author in the
author list, and n represents the total number of authors for the paper. The weight assigned to authors decreases as their position in the
author list increases. Furthermore, as the number of co-authors increases, the contribution value assigned to individual authors de-
creases. Based on the proportion of a scholar’s contribution to each publication, when a scholar publishes an additional article, their
total publication count should be increased by the contribution proportion multiplied by 1 for that article. Likewise, the scholar’s total

Table 1
Bibliometric indexes for evaluating various abilities of scholars in static and dynamic assessments.
Academic ability Evaluation Definition of index
index
Productivity count The total publications from scholar
count (y) The number of publications by scholars in the y-th year of their academic careers
Impact h h = max{min(c(k),k)|k =1,2,...,n}

c(k) represents the number of citations for the k-th paper in the ranking sequence of paper citation counts in descending
order, and k indicates its position in this sequence, and n represents the total publications from scholar

h @) The h-index calculated based on the cumulative publications and citations of scholars up to the y-th year of their
academic careers
Comprehensive P p= (Cz /N) 13

ability C and N respectively represent the total citation count and the number of publications from scholar.
P The p-index calculated based on the cumulative publications and citations of scholars up to the y-th year of their

academic careers
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citation count should be increased by the contribution proportion multiplied by the number of citations for that article. This data
processing calculates the proportion of each scholar’s contribution to the publication and provides a more accurate representation of
their individual impact. The application of the harmonic algorithm allows for the correction of the number of papers and citations,
resulting in the recalculation of the h-index and p-index. Since the bibliography data obtained from DBLP does not include information
about corresponding authors, the harmonic algorithm may underestimate the contributions of excellent scholars as corresponding
authors or supervisors to publications (Buehring et al., 2007). However, the research data for this study all come from publications in
the field of computer science. In this type of publication, the convention for authorship typically involves the first position in the author
list being occupied by the researchers who have made the most intellectual contribution, while the last position is occupied by the
researchers who have made the fewest contribution or are the most senior (Fernandes et al., 2022). Therefore, the harmonic algorithm
used in this study to assess author contributions to publications based on their position order is, in most cases, reasonable. As a result,
adjustments made to the number of publications, h-index, and p-index more accurately reflect the academic abilities of the scholars.

Finally, this study selected 287 scholars from a total sample of 1444 ACM Fellows, all of whom had at least 20 years of academic
career experience. Their geographical distribution is consistent with the overall sample, with scholars from North America, Europe,
and Asia in decreasing order, with North America being the predominant region (See Fig. 1A). As shown in Fig. 1B, the academic career
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Fig. 2. Research framework of this study.
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ages of the scholars range from 20 to 58, with the majority concentrated around 30. After adjustment with the harmonic algorithm, the
number of publications for the scholars ranged from 8 to 22, with a concentration around 19. The h-index ranged from 2 to 129, with a
concentration around 30, and the p-index ranged from 4 to 777, with a concentration around 110.

3.2. Methods

By normalizing the number of publications, h-index and p-index of scholars, the study obtained the career development trajectory
of scholars. After obtaining the developmental trajectories of each scholar, we utilize a computational method known as DTW to assess
the similarity between these trajectories. DTW is a flexible method for measuring the similarity of time series, focusing on the
morphological changes within trajectories. It has the capability to handle time series of varying lengths, address issues such as time
drift and misalignment, and effectively handle noise and distortion within the sequences (Mueen et al., 2018). The fundamental
concept behind DTW involves aligning two time series by mapping them onto a two-dimensional grid and identifying the shortest path
on the grid, which minimizes the sum of distances between the corresponding points along the path (Rakthanmanon et al., 2012).

After obtaining the minimum distance matrix of each scholar’s growth trajectory calculated using the DTW method (See more
calculational detail in Fig. 1S), this study employs principal component analysis (PCA) to extract a two-dimensional representation of
each scholar’s growth trajectory. Subsequently, the K-means clustering algorithm is used to partition the scholars into categories, and
the optimal number of clusters is determined by calculating within-cluster sum of squares (WCSS) (Zhao & Franti, 2014) and silhouette
coefficient (Rousseeuw, 1987). The silhouette coefficient represents the ratio of the distance within clusters to the distance between
clusters, varying between -1 and 1. The silhouette coefficient closer to 1 indicates better clustering, while the silhouette coefficient
closer to -1 suggests possible misclassification. The WCSS indicates the distance between the samples within the cluster and the cluster
centroid. The higher WCSS suggests more similarity among the samples within the cluster, indicating better clustering performance.
Therefore, the optimal number of clusters selected in this study needs to balance a sufficiently high silhouette coefficient and a suf-
ficiently small sum of squared distances within clusters, for ensuring that the sum of distance values within the same category of
scholars’ growth trajectories is minimized, while maximizing the sum of distance values between different categories.

3.3. Framework

Overall, our research framework can be divided into three parts (see Fig. 2). The first part is the data preprocessing module, which
involves collecting and preprocessing scholars’ publications and citations to obtain time series on their publication count, h (y), and p
(y). The second part is the data analysis module, where we calculate the distances between sequences using the DTW algorithm and
classify scholars’ growth trajectories using PCA and the K-means clustering algorithm. The third part is the category statistics section,
where we discuss the geographical distribution, growth characteristic distribution, and population distribution of scholars with
different growth trajectory categories, summarizing the growth patterns of outstanding scholars.

Based on this research framework, this study aims to address the following questions:

(1) Do excellent scholars exhibit consistent growth trajectories in their academic abilities, including academic productivity, impact,
and overall capability? What are the specific similar growth trajectories of academic abilities?

(2) How are the growth trajectories of academic productivity, impact, and overall capability of excellent scholars combined with
each other?

(3) Do excellent scholars with different growth patterns show regional differences? Is there a difference in the ease of peer
recognition they receive?

4. Results
4.1. The distance of growth trajectories of different indexes

After analyzing the trajectory curves of publication count, h-index, and p-index for different scholars via the DTW method, this
study obtains three types of distance matrices that measures the similarity between the bibliometric trajectories of these scholars (see
Fig. 28). In Fig. 28, the color of each square represents the distance between the bibliometric curves of the corresponding scholars
indicated by their respective horizontal and vertical coordinates. This distance is calculated based on the similarity of the bibliometric
curves using the DTW method. The redder the color, the closer the distance between the trajectories of their bibliometric index
changes, indicating a more similar growth pattern in that bibliometric index. In detail, the distances between the growth trajectories of
publication count for excellent scholars mostly fall within the range of 0 to 5. The distances for h-index growth trajectories are even
closer, typically ranging from O to 2. Besides, the distances for p-index growth trajectory curves are slightly larger, generally staying
within the range of 0 to 10. In summary, the distances of these three types of growth trajectories are relatively small, indicating a
certain degree of convergence in the bibliometric growth path among different excellent scholars.

4.2. The categories of bibliometric growth patterns

To facilitate the classification of scholars’ bibliometric growth patterns based on the morphological changes of curves, this study
employs the PCA method to extract two principal components from distance matrices of three different types of bibliometric growth
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paths. Subsequently, the K-means clustering algorithm is utilized to determine the categories of curve variations. Specifically, the
range of cluster numbers is set between 2 and 50, and the optimal number of clusters for different types of trajectories is determined
based on the WCSS and silhouette coefficient (see Fig. 3). To ensure the minimum WSSC, the maximum silhouette coefficient and the
small number of clusters, the optimal cluster numbers for the growth paths of productivity, h-index, and p-index should be specified as
3, 4, and 6, respectively. Using these optimal cluster numbers, this study employs the K-means clustering method to analyze the two
principal components extracted from different curves, resulting in scatter plots of labeled categories (see Fig. 4). In this plot, biblio-
metric trajectories of scholars within the same category exhibit close distances, while distinct boundaries are observed between
different categories, demonstrating the effectiveness of the K-means clustering algorithm.

The study statistically depicts bibliometric growth patterns for various categories based on above clustering results (see Fig. 5). The
peak of the scholars’ bibliometric index of marks the most productive year of their academic career (Yair & Goldstein, 2020), after
which their academic status typically advances to a relatively stable stage (Kwiek & Roszka, 2023), serving as a crucial turning point in
their academic career. In Fig. 5, the gray lines within each box represent the trajectory of bibliometric changes for individual scholars
in that category, while the red line represents the average trajectory of bibliometric changes for all scholars in that category. The
positions of the peak values of various indicators divide the growth processes of a scholar’s academic productivity, influence, and
comprehensive ability into early development stages and mid-later maturity stages, denoted by green and yellow backgrounds,
respectively. The time span and variation patterns of the trajectories in the two stages exhibit distinct characteristics across different
categories. The results show that outstanding scholars’ productivity growth patterns are A-II, A-I, and A-III in descending order of
population statistics, h-index growth patterns are H-II, H-I, H-IV, and H-III in descending order of population statistics, and p-index
growth patterns are P-IV, P-I, P-V, P-III, P-VI, and P-II in descending order of population statistics. Besides, the form of the growth
curves of different categories differs significantly.

In the analysis of scholars’ growth trajectory from a morphological perspective, specific variations have been observed in the curves
of productivity, h-index, and p-index across different scholar categories. By examining the morphological characteristics of produc-
tivity curves within these categories, we discovered a decreasing rate of productivity increase during the developmental stage, with the
order being A-III, A-II, and A-I. However, notable differences in productivity changes among the categories emerge during the maturity
stage. Scholars in category A-I don’t exhibit a significant decline in productivity, whereas those in categories A-II and A-III experience a
noticeable decrease. By employing a similar analytical approach, we compare the trajectory of h-index changes among scholars across
different categories. In the developmental stage, the rate of h-index increase follows the order: H-II, H-III, H-I, H-IV. The same
analytical approach is applicable to comparing the trajectory of p-index changes among scholars in different categories. Scholars in
categories P-II, P-III, and P-VI witness a rapid increase in p-index during the developmental stage, followed by a sharp decline.
However, the baseline for the decline differs across categories, with the p-index decline baseline decreasing in the following order: P-
I1I, P-VI, P-II. Scholars in the P-I, P-IV, and P-V categories have a slower increase in p-index during the developmental stage and only
experience a minor decline in the subsequent maturity stage.

4.3. The characteristic distributions from different categories of scholars

4.3.1. The duration of development and maturity stages from different categories of scholars

After classifying scholars based on their change trajectories of productivity, h-index and p-index, this study proceeds to calculate
the duration of the development stage and maturity stage for scholars in different categories (see Fig. 6). Analyzing the changes in
scholars’ productivity, we observe that the development period for A-I, A-II, and A-III scholars consecutively decreases, ranging from
13 to 30 years, while the maturity period remains relatively constant at around 12 years, generally shorter than the development
period. Moving on to the h-index changes, the maturity period for H-I, H-Il and H-IV scholars remains stable at approximately 7 years,
whereas scholars in the H-III category have a slightly longer maturity period, averaging about 14.5 years. Additionally, the growth
period for H-1V, H-I, H-II and H-III scholars successively shortens, ranging from 14 to 30 years, all of which exceed the development
period. Examining the changes in the p-index for scholars in different categories, we find that the maturity period is generally longer
than the development period. Specifically, the development period for P-II, P-III, and P-VI scholars is very short, around 2 years, while
the development period for P-V, P-I, and P-IV scholars exceeds that of the previous three categories, ranging from approximately 5 to
14 years. Besides, the maturity duration of scholars follows the order of P-1V, P-I, P-V, P-III, P-II, and P-VI, gradually increasing.
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4.3.2. The population of different categories of scholars

To find out the combination form of different categories of scholars based on three bibliometric indexes, we analyze the population
distribution of scholars in the three combinations of productivity-h-index, productivity-p-index, and h-index-p-index (see Fig. 7). In
Fig. 7, each pie chart represents the proportion and number of scholars categorized based on different indices, with the x-axis and y-
axis representing specific combinations. For instance, Fig. 7A illustrates a pie chart at coordinates A-I and H-I, indicating the number of
scholars belonging to category A-I in terms of productivity trajectory and category H-I in terms of h-index trajectory, along with their
percentage in the total population. According to the combination of productivity and h-index, scholars are categorized into different
groups. The A-III category is predominantly associated with the H-II combination, while the A-II category is mostly associated with the
H-II and H-I combinations. The A-I category is predominantly associated with the H-I combination. Similarly, when considering the
combination of productivity and p-index, the A-III category is predominantly associated with the P-IV combination, while the A-II
category is mostly associated with the P-I, P-IV, and P-V combinations. The A-I category is predominantly associated with the P-IV, P-I,
P-V, and P-III combinations. Analyzing from a similar perspective, with respect to the combination of h-index and p-index, the H-I
category is predominantly associated with the P-IV, P-1, and P-V combinations, while the H-II category is mostly associated with the P-
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Fig. 6. The duration distribution of the early development and the mid-later maturity stages from different categories of scholars.

IV and P-I combinations. Due to a small number of scholars in the H-III category, it is not suitable for analysis. The H-IV category is
predominantly associated with the P-I combination.

4.3.3. The election time and regional distribution of different categories of scholars

According to the information on the timeline of scholars being elected as Fellow provided by the ACM website, it is evident that
scholars are typically recognized as ACM Fellow during the maturity stage of their careers. By further examining the proportion of a
scholar’s career dedicated to their election as ACM Fellow, we can analyze the distribution of this proportion across different scholar
categories (see Fig. 8A). In Fig. 8A, the distribution curve of a certain category of scholars is more concentrated towards the reddish
region, indicating that more individuals in this category were elected as ACM Fellows during the later stages of their careers.
Conversely, the distribution curve of another category of scholars is more concentrated towards the bluish region, suggesting that more
individuals in this category were elected as ACM Fellows during the earlier stages of their careers. From the perspective of
productivity-based categorization, we observe a decreasing trend in the proportion of career time spent before being elected as ACM
Fellow for the A-I, A-II, and A-III categories, ranging from approximately 80 % to 100 %. Analyzing the four categories based on the h-
index, except for the H-III category where scholars are primarily recognized as ACM Fellow around the 90 % mark of their careers, the
proportions of career time before election as ACM Fellow for H-I, H-II, and H-IV scholars show a relatively dispersed distribution,
ranging from approximately 80 % to 100 %. Moreover, regarding the six categories based on the p-index, the proportions of career time
before scholars’ election as ACM Fellow exhibit a similar dispersed distribution, ranging from approximately 80 % to 100 %, without
significant differences among the various categories.

According to the scholar’s regional information provided on the ACM website, we analyze the distribution of growth trajectory
types among scholars in four regions: Asia, Europe, North America, and the Pacific Rim (see Fig. 8B). However, we exclude the Pacific
Rim region from our analysis due to the limited number of scholars. In Asia, the growth trajectory types among scholars show an equal
distribution between A-II and A-III categories. Specifically, the predominant trajectory types for h-index and p-index changes are H-II
and P-1V, respectively. In contrast, the distribution of growth trajectory types among scholars in Europe and North America differs
from that in Asia. However, the distribution of growth trajectory types in Europe and North America is highly similar, with only slight
differences. For instance, the productivity trajectory types decrease in the following order of proportion: A-II, A-I, A-IIl in Europe and
North America. The h-index trajectory types decrease in the following order: H-II, H-I, H-IV, H-IIl. The p-index trajectory types
decrease in the following order: P-IV, P-I, P-V. Additionally, the proportion of scholars in the P-III category is higher in North America
compared to Europe, while the proportion of scholars in the P-VI category is lower in North America compared to Europe.
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5. Discussion
5.1. The growth patterns of different categories of excellent scholars

Most outstanding scholars, classified into three types of growth paths based on the productivity curve, predominantly belong to the
A-II category. In this category, productivity experiences a rapid rise followed by a decline, with the decline rate accelerating. The
growth pattern of productivity among these scholars of the A-II category is similar to that of the A-III category, which comprises a
smaller number of scholars. However, A-III scholars experience rapid fluctuations in productivity, and the duration of their high
productivity is short-lived. Additionally, the growth pattern of productivity for A- I scholars significantly differs from that of the other
two categories. They exhibit slow growth initially and maintain high productivity over an extended period in the mid-later maturity
stage. Based on the analysis of three growth modes of outstanding scholars classified by the productivity curve, their productivity
continues to increase in the early development stage, typically following a pattern of initial growth followed by decline. The state of
high productivity tends to last for a considerable duration, although a minority of scholars experience a shorter duration, characterized
by rapid productivity increase in the early development stage. From these characteristics of the productivity growth path, outstanding
scholars have two remarkable characteristics: (1) high productivity with sustained growth in the early development stage, aligning
with previous research findings (Barabasi & Wang, 2021; Schilling & Green, 2011); (2) Scholars who maintain a high level of pro-
ductivity for an extended duration in the middle and late maturity stages, but those who have extremely rapid increasing productivity
in their early development stage cannot possess this feature, although such cases are relatively uncommon.

The shape of the h-index curve illustrates the trajectory of scholars’ impact. Based on the similarity of h-index curves, scholars’
impact can be categorized into four growth modes. Most scholars fall into the H-I and H-II categories, indicating a continuous rise in
their impact during the developmental stage, followed by a prolonged period of stagnation and maturity after reaching the peak. In
contrast, H-III and H-IV scholars experience intermittent growth and stagnation during the developmental stage, with a very short
period of stagnant maturity after reaching the peak. Apart from a small number of scholars in the H-III category, the developmental
stage for the H-IV category is considerably long, spanning almost their entire career. By summarizing the development trajectory of
scholars’ impact, it is observed that their impact generally increases consistently in the initial two decades of their career, although for
a small number of exceptional scholars, their impact may follow a more convoluted and protracted path.
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Fig. 8. The election time and regional distribution of different categories of scholars.

The p-index encompasses the number of published papers and citations of scholars, thereby considering their productivity and
impact, and providing a measure of their overall scientific research capability. By analyzing and comparing the six growth path types of
exceptional scholars based on the change curve of the p-index, these types can be categorized into two groups. The first group rep-
resents the mainstream model of comprehensive ability development among scholars, including P-V, P-I, and P-IV. In general, it in-
dicates a gradual increase in overall competency over the first 10 to 20 years, with a decreasing rate of increase and proportion in the
order of P-V, P-I, and P-IV. In the subsequent maturity stage, there is a slight decline in overall competency. The second group consists
of P-II, P-VI, and P-IV, which includes a smaller number of individuals. These scholars exhibit a rapid initial increase in comprehensive
ability during the first 2 years of their career, followed by a gradual decline. Specifically, their comprehensive ability declines in the
order of P-II, P-VI, and P-1V, with a corresponding increase in the proportion of individuals. In summary, most excellent scholars take
10 to 20 years to reach the peak of their comprehensive ability, while a small number demonstrate rapid growth. However, the
comprehensive ability of outstanding scholars in the middle and late stages generally remains at a medium or superior level, with the
exception of the relatively small categories of P-II and P-VI.

5.2. The combination of scholar’s different growth patterns
According to changes in productivity, influence, and comprehensive ability, outstanding scholars are classified into three, four, and
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six categories respectively. The matching of scholar categories from different perspectives can be determined by examining their
distribution. The impact of A-III scholars, whose productivity increases rapidly and then declines, follows the pattern of H-II. Their
impact experiences rapid growth during the development stage, while their comprehensive ability follows the pattern of P-IV scholars,
with slow and sustained growth at a high level in the mid-later maturity stages. A-II scholars, with slow and gradual changes in
productivity, primarily exhibit impact changes in the form of H-II and H-I, with H-II scholars being the predominant group. This
indicates that the impact of outstanding scholars with slow productivity growth continues to rise rapidly. Furthermore, A-II scholars
predominantly show changes in comprehensive ability categorized as mainstream P-IV and P-I. A-I scholars, on the other hand,
experience a slow increase in productivity but maintain a long period of high productivity. Their impact changes mainly fall into the
category of H-I, characterized by a slow rise, while their comprehensive ability changes are more scattered, distributed across various
categories. Furthermore, the variations in scholars’ impact are predominantly classified into two categories: H-II and H-I. The vari-
ations in comprehensive ability are mainly classified into three categories: P-1V, P-I, and P-V, with a decreasing number of individuals
in that order. Scholars’ combination categories, based on their impact and comprehensive ability, are primarily composed of com-
binations of their mainstream categories.

According to the analysis of productivity, impact, and comprehensive ability, the growth pattern of excellent scholars can be
classified into several categories, often characterized by combinations of two or more mainstream categories. Most outstanding
scholars exhibit a consistent and gradual increase in productivity, with a prolonged period of high productivity. Their impact tends to
grow steadily and rapidly in the development stage, while their comprehensive ability shows a slower initial growth, minimal decline
in the mid-later maturity stages, and a sustained high level throughout their careers.

5.3. The characteristics analysis for different categories of excellent scholars

The moment when excellent scholars are elected as ACM Fellow represents widespread recognition from the industry. Analyzing
the timing of this moment in their careers can reveal the difficulty or ease with which scholars of different growth types receive
recognition in the research community. Based on the distribution of the timing of ACM Fellow elections for different types of scholars,
it is observed that nearly all scholars are elected during the 80 % to 100 % period of their careers (maturity stage). However, there
exists a relative variation in the timing of elections among different types of scholars. Firstly, examining the growth patterns of scholars
categorized based on their productivity, scholars in categories A-III, A-II, and A-I are elected as ACM Fellow in progressively later
stages of their careers. Scholars who experience a rapid increase in productivity during the early stages of their careers tend to be
elected as ACM Fellow earlier, indicating a significant association between the rate of early productivity growth and the timing of
widespread recognition later on. Secondly, considering the growth patterns of scholars categorized based on their impact, scholars in
categories H-I and H-II demonstrate smoother changes in impact compared to scholars in categories H-III and H-IV. Scholars in cat-
egories H-I and H-II experience sustained growth during the developmental stage and are elected as ACM Fellow earlier, suggesting
that scholars who face more obstacles in the rise of their impact often achieve recognition later in their careers. Regarding the six
categories of scholars classified based on their overall abilities, there is no significant difference in the timing of their election as ACM
Fellow. The elections are predominantly concentrated around 90 % of their careers, indicating that the level of difficulty in achieving
widespread recognition among scholars with different growth patterns of overall abilities is not significantly distinct.

Furthermore, due to the limited number of scholars from the Pacific Rim region in the sample, this study focuses on the growth
patterns of scholars in Asia, Europe, and North America in terms of productivity, impact, and comprehensive abilities. The statistical
results indicate that excellent scholars from North America and Europe show a relatively slow initial rise in productivity, followed by
an extended period of high productivity. In contrast, excellent scholars from Asia exhibit rapid growth in productivity during the early
development stages, but their high productivity period is relatively short-lived, demonstrating significant regional differences in the
growth patterns of scholar productivity. The regional characteristics observed in the growth patterns of scholar impact are similar to
those of productivity. Excellent scholars from Asia also experience a rapid increase in impact during the early development stages,
while scholars from Europe and North America show a slightly slower rise in impact. The regional characteristics are also pronounced
in the growth patterns of scholar comprehensive abilities. Excellent scholars from Asia demonstrate a relatively slower growth process
in comprehensive abilities, while scholars from Europe and North America exhibit a slightly faster growth rate. Additionally, there are
cases of individual scholars from Europe and North America experiencing a rapid initial growth in comprehensive abilities followed by
a gradual decline.

This result suggests that excellent scholars in Asia, while publishing a significant number of articles in the early development stages
of their academic careers, also produce high-impact publications. However, they also have a considerable number of low-impact
publications, leading to a rapid increase in their publication output and h-index during the early development stages of their aca-
demic careers. For the p-index, which comprehensively considers the quality and quantity of each publication, the growth in academic
comprehensive ability is relatively slow. In comparison, excellent scholars in Europe and North America typically publish fewer papers
in the early development stages of their academic careers, but they are often of high quality. This results in a slower growth in their
publication output and h-index during the early development stage, but a rapid increase in their p-index. The reasons for this phe-
nomenon may stem from different scientific policy systems (Korytkowski & Kulczycki, 2019), educational training models (Yuret,
2017, 2018), and research resource allocations (Shu et al., 2021; Yue et al., 2020) in different regions, and require further analysis in
conjunction with the specific characteristics of the research environment in which scholars work.
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6. Conclusion

In summary, excellent scholars in the field of computer science generally exhibit common patterns in the trajectory of their bib-
liometric indexes. Most of them experience continuous growth in productivity during the early development stages of their careers and
maintain a prolonged period of high productivity in the mid-later maturity stages. Their impact tends to rise smoothly, demonstrating
sustained growth over time. Furthermore, the development of comprehensive abilities for most excellent scholars requires 10 to 20
years to reach its peak, and they can maintain a consistently high level in the mid-later maturity stages of their careers. Additionally,
there are regular patterns in the combination of growth patterns in productivity, influence, and comprehensive abilities. Excellent
scholars who exhibit a steady and slow increase in productivity with a prolonged high productivity period often experience a smoother
and more rapid growth in impact. Their comprehensive abilities show a gradual increase in the early development stages and a slight
decline in the mid-later maturity stages, while maintaining a high level for an extended period in their careers.

Excellent scholars with different growth patterns are elected as ACM Fellows at different times, indicating variations in the level of
recognition they receive within the scientific research community. Specifically, the most significant differences in growth patterns can
be observed between scholars categorized based on productivity and impact. Excellent scholars who exhibit rapid growth in pro-
ductivity during the early development stages and experience smooth and rapid increases in impact are often elected as ACM Fellows at
an earlier stage, as they are more likely to receive widespread recognition from their peers in the scientific research community.
Furthermore, there are notable differences in the growth patterns of excellent scholars between the Western regions (Europe and North
America) and Asia. Scholars from the Western regions tend to have slower growth in productivity and influence during the early
development stages compared to their counterparts in Asia, while their comprehensive abilities develop more rapidly, and they
maintain a longer period of high productivity.

This study analyzes the consistency of bibliometric indexes changes among excellent scholars in the field of computer science and
further categorizes their growth patterns. It investigates the characteristics, distribution, election timing, and regional differences of
excellent scholars in different categories. The results indicate that the growth trajectories of excellent scholars in the field of computer
science exhibit similarities and can be classified into three categories based on productivity, four categories based on impact, and six
categories based on comprehensive abilities. The level of recognition within the scientific research community varies among different
categories of excellent scholars, and there are certain regional distribution characteristics.

7. Limitations and future research

This study has several limitations, specifically in terms of external validity and construct validity. Firstly, the external validity of
this study is limited, and therefore the conclusions drawn from it are only applicable to outstanding scholars in the field of computer
science. It has not been confirmed in other academic disciplines, nor has it explored whether the academic growth trajectories of
outstanding scholars differ from those of ordinary scholars. Additionally, there is room for improvement in the construct validity of this
study, as the measurement of scholars’ academic capabilities is somewhat biased, focusing excessively on changes in bibliometric
indexes and not considering other aspects of their academic abilities, such as academic innovative capabilities. Furthermore, this study
has not conducted in-depth analysis on the reasons for the impact of bibliometric changes and how to use this growth pattern of
scholars to evaluate the potential of young scholars.

As a result, future research will test the applicability of the above conclusions in other academic disciplines by incorporating
samples of excellent and ordinary scholars from other fields to determine whether this academic growth pattern is unique to
outstanding scholars. This will enrich the evaluation system used to assess scholars’ academic abilities, comprehensively display
scholars’ academic growth trajectories in multiple dimensions, and analyze the potential factors influencing the growth of different
types of scholars by combining information on the gender, research direction, nationality, collaborators, educational background, and
work experience of outstanding scholars. This will further reveal the growth patterns of outstanding scholars.
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