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Keywords: One of the main concerns of researchers and institutions is how to assess the future performance
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scholarly success in terms of the probability of a scholar belonging to a group of highly impactful
scholars as determined by their citation trajectory structures. To this end, we developed a new set
of impact measures based on a scholar’s citation trajectory structure (rather than on absolute
citation or h-index rates), that show a stable trend and scale for highly impactful scholars, in-
dependent of their field of study, seniority and citation index. These measures were then incor-
porated as influence factors into the logistic regression models and used as features for
probabilistic classifiers based on these models to identify the successful scholars in the hetero-
geneous corpus of 400 of most and least cited professors from two Israeli universities. From the
practical point of view, the study may yield useful insights and serve as an aid in making pro-
motion decisions by institutions, as well as a self-assessment tool for researchers who strive to
increase their academic influence and become leaders in their field.

1. Introduction

Assessing and predicting future academic performance of scholars is important, since it determines their status in the academic
world [1,2] and influences decisions about promotions and fund allocations [3]. Academic performance is primarily measured based on
the number of publications (the scholar’s productivity), and the number of citations (the scholar’s impact) [4]. Over the years, many
evaluation indicators were developed based on those two factors, such as h-index [5,6] and its variants (e.g. Ref. [7]). As has been
shown in previous research, there is a wide diversity in publication, citation and h-index scores even among prominent scientists, such
as tenured professors [8]. These scores strongly depend on the scholar’s field of study, source citation index, age, seniority, networking,
and other factors [1,8-13]. Hence, several universal impact measures have been proposed that produce normalized scores comparable
for scholars from various research fields and career stages [2,14-17].

Yet, measuring a scholar’s performance based on a single score cannot provide a comprehensive evaluation. Thus, numerous
studies in this field tried to identify characteristic patterns of the performance trajectories of top scholars. Some of these works have
devised productivity patterns, such as “first period peakers”, “second period peakers”, or “constant learners” [3,18,19]. Others applied
such patterns to analyze citation trajectories [4,20-24]. However, their results were somewhat controversial, probably due to the high
complexity and variability of the citation trajectories of successful scholars that may match various types of patterns. In addition, while
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productivity is, to a substantial extent, directly controlled by a scholar, impact may depend on a wide spectrum of external factors, and
thus requires further investigation.

In this study, we propose a new approach where a scholar’s impact is not measured by a certain index score, but rather by the
probability of a scholar belonging to the group of top impactful scientists. Such classification of scholars is performed based on a set of
measures that quantify the structure of their citation trajectories. Since these measures are proportion-based and do not directly rely on
the citation rates, scholars with different citation rates can have similar trajectory structures and therefore similar trajectory structure-
based scores. The underlying assumption is that successful scholars from different disciplines and seniority levels have similar tra-
jectory structures. The developed measures are incorporated as dependent variables in a logistic regression model that identifies the
scholar’s impact group. Thus, as opposed to previous work, there is no need to select a certain type of pattern, characteristic or index,
and the classification is made based on the combination of multiple indicators.

Several recent studies applied multi-feature models to predict the future citation number (or h-index) of a scholar based on his/her
past performance [12,25,26]. Slope-based trajectory analysis was formerly used in citation prediction and knowledge diffusion of
academic papers [27]. Yet, to the best of our knowledge, no impact prediction model has been developed that applies a set of citation
trajectory structure indicators to predict a scholar’s impact group (rather than a future citation number).

The research addresses the following questions.

1) How to systematically measure the structure of scholars’ citation trajectories independently from their specific citation scores?

2) How similar is the citation number-based classification of successful scholars to the trajectory structure-based classification?

3) Are there differences in trajectory structures and success models based on the data of two prominent citation indices, Web of
Science (WoS) and Google Scholar (GS)?

In addition, this study examined the universality of the proposed measures by investigating whether and to what extent their rates
are influenced by gender, seniority, affiliation and field of study. To the best of our knowledge, this is the first research aiming to define
scholarly success in terms of the probability of a scholar belonging to a group of highly impactful scholars, as determined by their
citation trajectory structures.

2. Literature review
2.1. Measures of scholarly performance

Scholarly performance is usually evaluated by measures that combine publication and citation rates of researchers, such as h-index
[4], g-index [28], hy index [29], y-index [30], and rec-index (or rectangle-index) [7]. These measures consider the work performed by
scholars throughout their entire academic career. However, they do not capture the changes in productivity and academic impact of a
researcher over time. Moreover, the aggregation of publications and citations into a single number leads to inconsistencies in the
ranking of scholars [31], is advantageous for older scholars and varies by field and by citation index [32]. Therefore, two main ap-
proaches to overcome these biases and inconsistencies have been presented in literature. The first approach is to normalize the h-index
across disciplines by dividing the number of citations per article by the average citation number for the field and dividing the number
of author’s publications in a year by the average value in the discipline [16] or by dividing the scholar’s h-index by the average h-index
of the authors in the same discipline [15]. In addition, individual scientists of different seniority can be compared by means of the
number of highly impactful papers per career year [14]. However, the up-to-date average h-index or publication values for various
disciplines may not be available, thus making the proposed normalization techniques less applicable in practice.

The second approach tried to identify scholarly performance patterns (rather than a single score) by examining their publication
and citation trajectories, and their changes over time [19,24], as described below.

2.2. Productivity trajectory patterns

Powers et al. [19] mapped the productivity levels of marketing academicians over a 20 years period, and profiled the medium and
high producers according to the time of their productivity peak (e.g. “first period peakers”, “second period peakers”, “mid-career
increasers”, etc.), by applying cluster analysis. They found that scholars with four or more publications after career years 3-7 and 8-12
are almost certain to be high producers. Feichtinger et al. [18] tried to develop an optimization model for the career of a scientist.
Based on the work of Way et al. [3], they identified four life cycle patterns: typical case — first increasing then decreasing; fading case —
steady decrease in publication rates after getting tenure; slump case — decrease in the middle of the career, followed by a productivity
revival towards the end of the career; busy case — slow start followed by an accelerated research intensity. Petersen et al. [33]
developed a proportional growth model for individual academic careers, by analyzing the academic productivity of three groups of
physicists throughout their careers. They found that the distribution of production growth is a leptokurtic “tent-shaped” distribution
that is symmetric. A more recent study claims that the conventional narrative of an early peak followed by a gradual decline describes
only one-fifth of scholars, and that most of them manifest great inconsistency in individual productivity trajectories [3], with some
reaching a peak in the beginning of their career and some later. Another recent study [8] found that publication rate patterns may
depend on the source database. Thus, in WoS, mean publication rates stabilize after 15 years of seniority, while in GS they constantly
grow over time.

White et al. [34] aimed to identify the characteristics of research “stars” and found that they have higher academic rank, possess
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better time management skills, report more time available to conduct research and enjoy higher institutional support. Kelchtermans
and Veugelers [35] investigated the ability to preserve top research performance over time among scholars in biomedical and exact
sciences. They found that about a quarter achieve top performance at least once in their career, while 5% persistently staying top
scholars throughout their career. Li et al. [36] compared longtime career performance of Nobel laureates compared to ordinary sci-
entists. They found that Nobel laureates are energetic producers, publishing almost twice as many papers as scientists in the com-
parison group. Also, they are disproportionally likely to have more than one hot streak of high impact papers over the course of their
careers. However, a study that was conducted in Israel and investigated the career productivity trajectories of Israeli Prize laureates,
found that there is an unequal distribution of academic productivity even among “star” scientists, and there are a few star scientists that
surpass the others. This demonstrates the “law of limited excellence”, which states that a few star scientists are responsible for most
publications [37].

2.3. Citation trajectory patterns

Based upon previous categorizations of publication scores, Weinberger et al. [24] investigated citation growth patterns. They
focused on the differences between the most cited and the least cited scholars from various disciplines and found that the most common
pattern in both groups of scholars was two-peaked. In addition, they found that the most cited scholars had a higher chance to match
profiles that reflect early-career success, while the least cited scholars matched profiles that showed a citation peak later in their
careers. This supports earlier findings that a career peak is characterized by one or several highly cited papers [4] produced in the early
to middle years of career [23,38,39]. This peak is followed by a slow and gradual decline [40,41]. Similarly, Bjork et al. [21] found that
the most common pattern of the citation trajectories among Nobel Prize laureates in economics manifested a peak around the time of
the Nobel Prize followed by steady decline. However, Sinatra et al. [4] showed that there is no apparent correlation between the impact
of a research paper and its occurrence on the timeline of a career, which they asserted to be completely random. Petersen et al. [22]
observed a faster than linear growth in time of cumulative citations for top scientists, by examining the influence of a quantitative
reputation measure, defined as the cumulative citation rate across all publications.

The above studies focused on a certain type of publication or citation trajectory feature, such as the relative position (timing) or
number of peaks, the overall growth rate, or the general trend (incline or decline) before or after the peak. Few works attempted to
combine multiple performance indicators into a multi-feature model to predict the future citation rate or h-index of scholars based on
their past performance. Thus, Acuna et al. [25] built a linear regression model with 18 features, including the total number of citations
and publications, average number of co-authors per publication, seniority, number of publications in prestigious journals and number
of received grants, to successfully predict the h-index score five years later. Weihs and Etzioni [26] showed that future scientific impact
(citation number) prediction is possible, even for a 10-year horizon. For the prediction task, they automatically generated 44 features
for each scholar, such as publication and citation scores, h-index, and changes in citations, h-index, and mean number of citations per
publication over the last two years, and used them in several regression models. Gogoglou and Manolopoulos [12] created clusters of
academic peers according to their citation scores and predicted the future impact of the scholars that belong to each group based on
several features such as: the publication and citation rates, co-authorship, citers and cited authors, differences in citations and h-index
for every ten-year sub-period. They found that the position of the scholar within the social network of citers and cited authors is crucial
for future impact. These studies tested their models on relatively homogeneous corpora of scholars (e.g. from the same field and/or
similar seniority level). In this paper, we present a new approach for the successful scholar identification from diverse disciplines based
on a multi-feature analysis of citation trajectory structures.

2.4. Influence of demographic factors on scholarly performance

Numerous studies have investigated the impact of various demographic factors on academic performance, for example: a scholars’
age and seniority [9,39], academic rank [42], field of study [8] and gender [43]. Some studies showed gender differences in terms of
scholarly productivity, with men being more productive than women [43-49]. However, other studies [8,50] found that women’s
performance rates increased and even equaled to or surpassed those of men later in their careers, because of motherhood and childcare
at their early career period [46,51]. Studies that compared scholarly productivity across disciplines found that the publication rates of
natural scientists exceed those of social scientists and humanists [8,52-56]. According to Gogoglou and Manolopoulos [12] and Sarigol
et al. [57], social links and networking of scholars may have effect on their future impact. In this study, our goal was to develop
measures of scholarly impact that are not susceptible to biases toward certain fields, seniority levels or source citation index. Therefore,
we also examined the influence of the demographic factors, as mentioned in the above literature, on the proposed measures.

3. Methodology

As discussed in the previous section, measuring the scholar’s success by a single indicator (e.g. citation number, h-index) or pattern
(e.g. “early/mid/late peaker”, “one/two/three peaks”) may lead to bias and underestimation of certain types of scholars. Past research
showed that the number as well as timing of the peaks in the top scientist’s career may be quite random [4]. Furthermore, the scholarly
performance changes over time in different aspects, and there is no one typical indicator, pattern or trend that characterizes these
changes for all the top scholars and distinguishes them from their less impactful peers.

This research proposes a multi-feature analysis of the structure of a scholar’s citation trajectories. A citation trajectory is defined by

accumulative numbers of citations (represented by Y axis) calculated on a yearly basis (represented by X axis) throughout the scholar’s
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career. This trajectory never declines, since in the worst case, when a scholar has no new citations in a given year, the accumulated
citation number in this year remains equal to that of the preceding year. In order to investigate the structure of a citation trajectory, a
slope-based trajectory was derived from the scholar’s original citation trajectory. The citation slope for a certain year is the number of
new citations of the scholar (only) in this year. The slope trajectory reflects the direction (increasing or decreasing compared to
previous years) and rate of growth (i.e. how fast the citation number increases or decreases over time). Fig. 1 below demonstrates
typical slope trajectories of highly impactful vs. less impactful scholars. Our objective is to investigate and quantify the changes of a
slope citation trajectory of the highly vs. less impactful scholars, but not at a certain point or period as in the past research (e.g. “early
peaker” — the period of a career peak), but over their entire career (e.g. the overall direction or the overall stability of the slope
trajectory). As mentioned in the Introduction, we aim to develop a set of universal measures for scholarly success that produce similar
scores for top impactful scientists from different fields and seniority levels, independent of their overall publication and citation scores.
Structure reflects the proportions between different regions in the trajectory, computed as relative rather than absolute values, thus
two trajectories can have the same structure while having different citation scores. To assess the structure of slope trajectories, the
following measures have been defined.

3.1. Citation trajectory structure-based measures for scholarly success

First, as a preparatory step, we defined a set of measures that reflected the yearly and overall trends of the citation slope trajectory
based on the citation growth rates. We note that these measures may produce biases towards some fields of studies or seniority levels,
and so were not included as universal indicators in the developed classification models.

1. Seniority — sen,, is the scholar’s r; seniority (i.e. active career years) , that is computed as a total length (in years) of the scholar’s
career trajectory.

2. Slope - the number of new citations that a scholar gained in a given year, i.e. the difference between the overall accumulated
citation numbers in a given year and the preceding year, that is formally defined for a scholar r; as:

Slopeyeqr (1) = CitationSyeqr(r;) — citationsyeqr—1 (r;),Where citationsy.qr(r;) is the overall number of citations that a scholar received
from the beginning of the career up to and including the given year. Slope is always positive.

3. Avg Slope — an average difference in the citation rates of a given year and the preceding year, computed for all pairs of adjacent
years in the scholar’s career, that is formally defined for a scholar r; as:

AvgSlope(r;) = AV8uyearesen,, (citationsyeqr(r;) — citationsyeqr—1(1;))-

Slope citation trajectory of a
HI1100 scholar (WoS)

Slope citation trajectory of a
HI1100 scholar (GS)
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Fig. 1. Slope trajectories of the typical HI100 and LI100 scholars in each corpus.
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4. Growth - a yearly slope growth rate for a scholar r;, i.e. the difference between the citation slope scores of the given year and the
preceding year, formally defined as:

Growthyeqr (r;) = Slopeyear(r;) — Slopeyear—1(Ti)-
We note that Growth can be negative if the Slope value of the current year is lower than that of the preceding year.

5. Avg Growth Percentage — an average yearly slope growth rate as a percentage of the previous year’s slope, computed for all pairs of
adjacent years in the scholar’s career, formally defined for a scholar r; as follows:

Angrowttht(ri) = AVgVyearEsenrx. <w X 10()).

Slopeyear-1(ri)+1

The expectation was that successful scholars will present a slope trajectory that is characterized by a higher rate of average slope
growth than less successful scholars. In other words, for more impactful scholars, the citation trajectory grows faster both yearly and
over the entire career on average.

Based on the above basic measures, the first set of proportion-based measures was defined, aiming to capture the scholar’s ability to
preserve the positive trend in the citation slope over time. The optimal situation is when the citation slope constantly inclines with
increasing growth rate. To this end, the following measures count and compare the numbers of years of positive and negative growth in
the citation slope trajectories.

6. Up Years — the total number of positive growth years:

UpYears(r;) = ZVyearesenri Inclineyear(ri),

Where Inclineyeqr(r;) = 1,if Growthye(r;) > 0,and 0 otherwise.
7. Down Years — the total number of negative growth years:

DownYears(r;) = Zvngsen, Declineyeqr (r;),Where Declineyeqr(ri) = 1,if Growthyeq(r;) < 0,and 0 otherwise.

8. Sum - the difference between the number of positive growth years and the number of negative growth years throughout the
scholar’s r; career, formally defined as:

Sum(r;) = UpYears(r;) — DownYears(r;).

__ UpYears(r;)—DownYears(r;)

9. Sum Up - the normalized Sum measure, i.e. Sum divided by the number of positive growth years: Sum(r;) Up Vears(r]

In the optimal case, when the citation slope constantly inclines with increasing growth rate, Up Years was expected to become close
to seniority and Sum Up will be close to 1.

Then, we mapped the periods of continuous incline and decline in the growth rates of the citation slope throughout the entire
scholar’s career. Based on these periods, the following measures were defined and calculated for each scholar, estimating the scholar’s
ability to increase the citation slope rates constantly and continuously.

10. Avg Length Down Up - the ratio of the average length of continuous negative growth periods and the average length of
continuous positive growth periods, formally defined as:

AVgyjeseny, (Decline;(ri . . . . . s
AvglLengthDownUp(r;) = %,Where Incliney(r;) = length(k), k is a period of one or more adjacent years in r;’s career

when Growthyyeqrek (i) > 0.
Decline;(r;) = length(j), j is a period of one or more adjacent years in r;’s career when Growthsyeare; (i) < 0.

11. Avg Up Growth - the average slope growth per positive growth period, formally defined as:

E Growthyeqr (T;)

vyearck

AvgUpGrowth(r;) = AVgukesen, ™ Ty

, k is a period of one or more adjacent years in r;’s career, when Growthyyearck (i) > 0.

12. Avg Down Growth — the average slope growth, based on absolute values of slope growth per negative growth period, formally
defined as:

Z \Growthym,(r[)|
AvgDownGrowth(r;) = Avgvjesem”’”‘"‘"ITM)7 j is a period of one or more adjacent years in r;’s career, when Growthyyearcj(ri) < 0.
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13. Avg Growth Down Up - the ratio of the average slope growth per negative growth period and the average slope growth per
positive growth period, defined as:

AvgGrowthDownUp(r;) = ‘%m.

The expectation was that successful scholars will keep their citation rates growing for most of their career, and for longer periods
than less successful scholars; their slope trajectory’s trend will be more stable, and even when it decreases, the slope growth rate of the
citation trajectories in the continuous incline periods will be higher than the slope drop in the continuous decline periods. Thus,
relatively high scores of measures 6, 8, 9, and 11, and relatively low values of measures 7, 10, 12 and 13 are assumed to be indicative of
scholarly success. It can be noted that citation patterns from previous works, such as “two peaks” [24] and “learners” [19] were
generalized and quantified by these measures as well.

In addition to measuring the proportions between length and slope growth of incline and decline periods in the citation slope
trajectory, their relative position in the scholar’s career timeline is another important characteristic of the trajectory structure.
Therefore, we chronologically divided each scholar’s career trajectory to 5-year sub-periods and computed the Sum and overall
Growth measures for each period separately. The maximal number of 5-year periods was 11 for WoS and 8 for GS. These period-based
measures provided a generalized universal estimation of the patterns of the type: “first period peakers”, “second period peakers”, and
“third period peakers” [19].

3.2. Data collection

The scholars’ data was collected from the official websites of the two major Israeli universities located in the center of the country,
Tel-Aviv University (Shanghai’s rank of 151-200 in the world, and 4th in the country) and Bar-Ilan University (Shanghai’s rank of
401-500 in the world, and 5/6th in the country in 2020). After filtering out scholars with too popular names or unidentifiable gender,
over 800 tenured professors were extracted from all the faculties except for Humanities. The fact that all the scholars were granted
tenure and a professorship title (corresponding to the US ranks of Associate Professor, Full Professor and Emeritus) ensures that they
are well-established academicians with a successful career [8]. The professors’ gender was determined manually based on Israeli
naming conventions and their personal websites in ambiguous cases. In addition, the scholars’ overall and yearly citation data and
h-index were retrieved from WoS and GS indices. Professors with less than 10 listed publications, less than 200 citations and h-index
below 10 in the two citation indices were excluded from the analysis.

Finally, in each index the 100 top-cited scholars (denoted as HI100y,s and HI100gs) and the 100 least-cited scholars (denoted as
LI100w,s and LI100gs) were used as the study’s corpus. 44 of the scholars were included in both HI100w,s and HI100gs, 13 of the
scholars were included in both LI100yw,s and LI100gs, and 13 of the scholars were included in both HI100w,s and LI1100gg, thus the
overall number of distinct scholars examined by the study was 330. The reason for choosing 100 most impactful and 100 least im-
pactful scholars was the 20/80 method that was also employed in the previous research (e.g. Refs. [22,33,37,58].

The four groups (HI100w,s, HI100gs, LI100w,s, and LI100gs) included representatives from various faculties (WoS: HI100 - 48%
from Life Science, 38% from Exact Sciences and Engineering, 14% from Social Sciences; LI100 - 8% from Life Science, 70% from Exact
Sciences and Engineering, 22% from Social Sciences; GS: HI100 - 17% from Life Science, 69% from Exact Sciences and Engineering,
14% from Social Sciences; LI100 - 6% from Life Science, 47% from Exact Sciences and Engineering, 47% from Social Sciences), and
genders (WoS: HI100 - 81 male, 19 female; L1100 — 81 male, 19 female; GS: HI100 — 89 male, 11 female; LI100 — 85 male, 15 female).
However, we wish to note that the citation rates were not normalized by field of study or seniority (as suggested in the literature), and
thus there may still be some bias in the four groups towards certain faculties and seniority levels (e.g. more Social Science and young
scholars in the L1100 group than in the HI100 group). Yet, we still assume that most of the HI100 group are indeed successful scholars
and use them as a baseline (yet not as a ground truth) dataset to build the trajectory structure-based model of scholarly success.

3.3. Data analysis

The measures presented in Section 3.1 were used to assess the impact of individual scholars and further to compute the differences
between the scholars, and compare between the HI100 and LI100 subgroups based on the averaged measures’ scores over all the
scholars in each group. The statistical analysis comprised the following main stages.

At the first stage, we used descriptive statistics to calculate and comparatively summarize the values of the different measures
presented in Section 3.1 for each of the scholar groups. Then, Pearson correlation and one-way ANOVA tests were applied on all the
measures’ values to learn about their inter-relationships and differences between institutions, faculties, genders and high and low
impact scholar groups. We used one-way ANOVA tests to examine the differences between faculties and the various scholar sub-
corpora in terms of citation trajectory structure measures, and t-test to investigate the differences across genders and two examined
citation indices (WoS and GS). The next stage aimed to build a multi-feature model for becoming a successful scholar. To this end, we
performed bivariate logistic regression analysis for each corpus, using the trajectory structure indicators as independent variables, and
examined whether and to what extent they contributed to scholar’s classification as HI100. A total of 2000 bootstrapped samples were
used to check the validity of the model and generate an optimism-corrected C-statistic, which is a less biased method than others in the
field, with lower absolute and mean squared errors [59,60]. Notably, independent variables with a strong Pearson correlation rate
(>0.7) were not placed together in the same regression model (see the Appendix for the complete Pearson correlation rates between all
independent variables that were considered for the regressions), and small-valued measures (Sum Up, Avg Length Down Up and Avg
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Growth Down Up) were normalized (by adding 1 and multiplying by 100). Then, at the fifth stage, we built an automatic classifier
based on a logistic regression function with multiple explanatory variables as features weighted by B values of the corresponding
prediction models’ indicators (i.e. the selected trajectory structure measures):

Prediction = B(constant) + Y i ,v;* B;, where v; are the values of the selected measures for the examined scholar.

Then, we performed normalization, in order to obtain a score in the range between 0 and 1 for the probability of a scholar belonging
to each of the scholar groups (L1100 and HI100):

exp (Prediction)

PredictionProb=————————.
1 + exp (Prediction)
Table 1
The differences between the total citation number, h-index, and the trajectory structure measure scores of the two citation indices.
Dependent Citation Scholar Min Max Score Mean (SD) Mean Ratio t (HI100 vs. L1100) Mean Ratio
variable index Group Score (HI100/L1100) df = 2198 (GS/WoS)
Total Citations WoS HI100 2304.00 18714.00 5255.72 12.10 13.97%%* 1.61
(3448.53)
LI100 206.00 612.00 434.32 (105.82)
GS HI100 8200.00 135550.00 17908.90 19.49 10.18%**
(16685.89)
LI100 232.00 1462.00 918.70 (376.54)
h-index WoS HI100 13.00 63.00 32.21 (10.12) 2.81 20.30%** 1.29
LI100 10.00 16.00 11.48 (1.42)
GS HI100 16.00 154.00 56.27 (20.34) 3.62 19.68%**
LI100 10.00 24.00 15.54 (3.78)
Avg Slope WoS HI100 61.18 1087.20 246.37 (174.50) 9.50 12.62%** 1.57
LI100 9.11 49.33 25.94 (8.51)
GS HI100 205.46 4292.21 663.22 (568.72) 14.96 10.87%%*
LI100 10.55 158.88 44.32 (23.22)
Avg Growth WoS HI100 27.82% 281.58% 67.72% 1.18 2.27* 4.01
Percentage (40.90%)
LI100 25.45% 127.57% 57.47%
(18.97%)
GS HI100 2.55% 4883.16% 296.56% 4.73 4.48%**
(521.64%)
LI100 9.25% 178.66% 62.67%
(33.52%)
Up Years WoS HI100 9.00 28.00 16.10 (3.57) 1.48 11.22%%* 1.03
LI100 7.00 22.00 10.91 (2.95)
GS HI100 4.00 28.00 19.50 (4.03) 1.52 12.87%**
LI100 8.00 22.00 12.82 (3.27)
Down Years WoS HI100 0.00 22.00 5.07 (3.93) 0.93 0.75 1.19
LI100 0.00 18.00 5.47 (3.60)
GS HI100 0.00 21.00 7.62 (4.87) 1.11 1.16
LI100 0.00 21.00 6.87 (4.25)
Avg Up Growth WoS HI100 8.15 157.85 41.15 (25.45) 4.49 12.38%** 1.47
LI100 3.25 26.27 9.17 (4.42)
GS HI100 26.40 752.29 99.42 (90.33) 6.61 9.30%**
LI100 3.34 53.27 15.05 (8.82)
Avg Down WoS HI100 0.00 205.00 24.81 (28.41) 3.50 6.16%** 1.43
Growth LI100 0.00 21.50 7.08 (4.49)
GS HI100 0.00 328.08 47.88 (44.53) 4.99 8.52%%*
LI100 0.00 29.38 9.59 (5.97)
Sum WoS HI100 —6.00 23.00 10.95 (4.26) 2.01 10.70%** 1.00
LI100 —2.00 12.00 5.44 (2.89)
GS HI100 —11.00 25.00 11.88 (5.35) 2.00 9.37%%*
LI100 —5.00 13.00 5.95 (3.39)
Sum Up WoS HI100 -0.67 1.00 0.68 (0.25) 1.33 4.66%** 0.92
LI100 —0.20 1.00 0.51 (0.26)
GS HI100 —-2.75 1.00 0.59 (0.41) 1.23 2.23%*
LI100 -0.31 1.00 0.48 (0.25)
Avg Length Down WoS HI100 0.00 2.00 0.37 (0.28) 0.62 5.95%** 1.19
Up LI100 0.00 1.37 0.60 (0.26)
GS HI100 0.00 3.75 0.45 (0.41) 0.74 3.31%*
LI100 0.00 1.31 0.61 (0.25)
Avg Growth WoS HI100 0.00 3.71 0.69 (0.53) 0.85 1.85 0.98
Down Up LI100 0.00 1.83 0.81 (0.42)
GS HI100 0.00 1.65 0.58 (0.34) 0.83 2.63%*
LI100 0.00 1.46 0.70 (0.30)

*p < 0.05, **p < 0.01, ***p < 0.001.
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All the scholars that obtained a PredictionProb score between 0 and the median were classified as LI100 (group 0) and all the
scholars that received a score between the median and 1 were classified as HI100 (group 1). To evaluate the model’s classification
accuracy, we randomly selected 30% of each sub-corpus as a test set, then trained the developed model on the remaining 70%, and
applied it to the test set. Since the citation number-based classification into HI100 and LI100 was used as a baseline for comparison
rather than a ground truth classification of scholarly success, the final sixth stage included a qualitative analysis of the classification
mismatches, their various demographic and trajectory-based characteristics. This is in order to learn and interpret the differences
between their original (citation number-based) and trajectory-based scholar groups.

4. Results
4.1. Descriptive statistics

Our analysis showed that in both citation indices (WoS and GS), the HI100 group was found to be superior to the LI100 group across
almost all citation trajectory structure measures. Table 1 presents the differences between the measure scores of the two indices.

As demonstrated in Table 1, the HI100 sub-corpus is characterized by significantly higher average slope growth. HI100 scholars
also exhibited significantly longer incline periods compared to the decline periods than LI100 scholars (as reflected by Sum, SumUp,
Up Years, Down Years, and Avg Length Down Up). This indicates an overall more stable and positively directed career trajectories
among the scholars in this group, compared to the ones in the L1100 sub-corpus, who have more skewed career trajectories. In addition,
8% of the HI100y,s and 6% of the HI100gs sub-corpora received a perfect Sum Up score (of 1.00), which means that their career was
always on the rise, while only 2% of the L1100 scholars received this score in both citation indices. Remarkably, while the inter-index
ratio values (GS divided by WoS, displayed in the last column of Table 1) for the general indicators were quite high (between 1.4 and
4), their values for the universal measures based on proportions between different scores (Sum, SumUp, Avg Length Down Up, Avg

Table 2
The means, standard deviations and significance of the differences in trajectory structure measures between the faculties in the two corpora.
Dependent variable Faculty Meanyy,s (SD) Meangs (SD) Fwos df = 2, 197 Fgs df = 2, 197
Seniority Life Sciences 26.20 (8.00) 28.65 (11.02) 14.38%** 6.98%*
Exact Sciences 19.76 (7.66) 32.84 (12.82)
Social Sciences 20.28 (5.94) 26.21 (8.39)
Total Citations Life Sciences 4497.95 (3435.43) 9415.65 (6407.59) 10.00%** 6.72%*

2288.82 (3466.92)
1942.39 (2328.71)
29.64 (11.41)
19.01 (12.19)
18.22 (10.72)

12236.12 (17524.85)

4046.07 (7196.28)

41.17 (17.91) 17.27%** 15.15%**
42.11 (27.43)

22.12 (15.84)

Exact Sciences
Social Sciences
h-index Life Sciences
Exact Sciences
Social Sciences

Avg Slope Life Sciences 192.35 (167.85) 399.35 (324.78) 5.13** 5.71%*
Exact Sciences 121.77 (174.67) 438.28 (588.51)
Social Sciences 91.91 (102.49) 175.87 (323.23)

Avg Growth Percentage Life Sciences 55.93% (30.05%) 407.93% (991.46%) 2.66 5.40%*
Exact Sciences 67.32% (36.15%) 173.96% (223.00%)
Social Sciences 58.79% (18.16%) 104.28% (121.97%)

Up Years Life Sciences 16.59 (3.72) 16.26 (5.68) 27.56%%* 9,31 ***
Exact Sciences 12.10 (3.53) 17.27 (4.95)
Social Sciences 12.92 (4.18) 14.02 (3.98)

Down Years Life Sciences 7.09 (4.57) 6.83 (4.49) 9.92%** 5.07%*
Exact Sciences 4.52 (3.30) 8.07 (4.98)
Social Sciences 4.69 (2.66) 5.84 (3.31)

Avg Up Growth Life Sciences 34.69 (25.22) 73.86 (69.35) 7.04%* 5.78%*
Exact Sciences 22.77 (24.90) 68.18 (88.91)
Social Sciences 17.50 (15.15) 30.16 (39.06)

Avg Down Growth Life Sciences 22.80 (25.22) 28.44 (24.51) 4.10% 7.53**
Exact Sciences 14.03 (22.92) 36.36 (43.83)
Social Sciences 11.03 (8.50) 14.34 (18.06)

Sum Life Sciences 9.50 (5.58) 9.43 (6.51) 3.60* 0.84
Exact Sciences 7.51 (3.86) 9.20 (5.51)
Social Sciences 8.22 (4.43) 8.18 (4.57)

Sum Up Life Sciences 0.55 (0.33) 0.47 (0.74) 1.16 0.74
Exact Sciences 0.61 (0.25) 0.53 (0.27)
Social Sciences 0.61 (0.22) 0.57 (0.24)

Avg Length Down Up Life Sciences 0.50 (0.34) 0.62 (0.75) 0.20 0.86
Exact Sciences 0.48 (0.29) 0.53 (0.26)
Social Sciences 0.47 (0.21) 0.52 (0.26)
Social Sciences 11.03 (8.50) 14.34 (18.06)

Avg Growth Down Up Life Sciences 0.73 (0.36) 0.48 (0.27) 0.13 3.71*
Exact Sciences 0.77 (0.54) 0.68 (0.34)
Social Sciences 0.74 (0.45) 0.62 (0.31)

*p < 0.05, **p < 0.01, ***p < 0.001.
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Growth Down Up) were all very close to 1. This finding indicates the relative independence of these measures from the citation index.
As for differences among academic institution across the citation slope trajectory measures, the results varied between the two
citation indices and different measures. In the WoS corpus, the only significant difference between Tel-Aviv University and Bar-Ilan
University was in the number of Up Years, in which the former had an advantage (t (198) = 2.86, p = 0.005). However, in the GS
corpus, Tel-Aviv University had significantly higher rates in virtually all the indicators, e.g. Avg Slope (t (198) = 2.52, p = 0.01), Up
Years (t (198) = 3.58, p < 0.001), Sum rates (t (198) = 4.49, p < 0.001), Sum Up rates (t (198 = 3.58, p < 0.001), Avg Up Growth (t
(198) = 2.39, p = 0.02), Avg Length Down Up (t (198) = 3.68, p < 0.001) and Avg Growth Down Up (t (198) = 2.67, p = 0.008).

In terms of gender discrepancies, in WoS we found that men were slightly superior across almost all the measures, however the
differences were not statistically significant. We also observed that all the scholars that received negative Sum or Sum Up scores, which
reflect more negative growth years than positive growth years, were men (5 out of 200 in WoS and 7 out of 200 in GS).

In addition, we identified significant differences between the faculties, but for different indicators in each citation index as shown in
Table 2. Generally, in WoS, the leading faculty was Life Sciences, and in GS, it was the Exact Sciences faculty (in accordance with the
previous research findings based on citation values [8]). However, there were no significant differences between the faculties for
(almost) all the proportion-based indicators (e.g. Sum, Sum Up, Avg Growth Down Up, Avg Length Down Up) in both citation indices.
This demonstrates the stability of these measures for scholars from different fields of study.

The HI100 group was also found to be superior to the LI100 group when examining the division of slope trajectories into sub-
periods (11 in WoS and 8 in GS). As shown in Figs. 2-5 below, it seems that the HI100 scholars are characterized by significantly
higher Sum scores in the first sub-periods (4 in WoS and 5 in GS). We can observe a reversed trend only at very late stages (7th period in
WoS and 8th period in GS), when the number of participants is not representative and the differences are not significant, however the
slope growth rates remain higher for the HI100 scholars across all periods. In addition, the LI100 scholars already show very low Sum
rates (less than 1) in the early-middle period of their careers (3rd period in WoS and 4th period in GS), which means that from this point
forward their citation slope trajectory is more skewed (with almost the same number of incline and decline years). This corresponds to
the significantly higher average Sum rates for the entire career slope trajectories of HI100 sub-corpus. Figs. 2-5 present the differences
between the HI100 and LI100 sub-corpora across the sub-periods’ scores in the two citation indices.

As for differences between academic institutions across sub-period scores, the results varied between the two citation indices. In the
WoS corpus, we found Tel-Aviv University to be dominant across almost all sub-periods, yet the differences were not statistically
significant. However, in the GS corpus, Tel-Aviv University had significantly higher Sum rates in the 1st period (t (198) = 3.41,p =
0.001), 3rd period (t (196) = 2.10, p = 0.04, and 5th period (t (116) = 2.50, p = 0.01), and significantly higher growth rates in the 3rd
period (t (196) = 2.47, p = 0.01). All other periods also showed an advantage for Tel-Aviv University, although it was not significant.

In terms of gender discrepancies, in WoS no significant differences were found. However, men had a slight advantage in the Sum
rates of the 1st, 2nd, 4th and 11th periods, while women had the advantage later in the 3rd period and from the 5th to 10th periods. Yet
in the GS corpus, we found female dominance across the first three sub-periods, with a significant advantage in the 2nd period (F =
2.64 (1.83), M = 1.84 (1.99), p < 0.05) and 3rd period (F = 2.71 (1.80), M = 1.80 (2.03), p = 0.03). Then, men had a non-significant
advantage in the 4th to 6th periods, and again a reversed trend in the 7th and 8th periods. The female dominance in the 2nd and 3rd
periods indicates that women are at their scholarly prime 6-15 years from the start of their careers. As for sub-periods’ growth rates, no
significant differences were found in both corpora.

With respect to faculties, the only significant difference was found in the WoS corpus and only in the 1st period, with the Life
Sciences faculty having an advantage in both Sum and growth rates over Exact Sciences and Social Sciences. It also showed a non-
significant advantage in the 3rd period. The GS corpus showed a very diverse trend between the faculties. There were no signifi-
cant differences in Sum rates, however in terms of growth rates: Life Sciences had a significant advantage in the 1st and 3rd periods,
while Exact Sciences had the lead in the 2nd and 4th periods. Thus, overall, the proportion-based Sum measure seem to be quite
discipline- and index-independent.
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Fig. 2. Differences in Sum rates between the HI100 and LI100 sub-corpora across the sub-periods’ scores in WoS corpus.
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Fig. 3. Differences in Sum rates between the HI100 and LI100 sub-corpora across the sub-periods’ scores in GS corpus.
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Fig. 4. Differences in growth rates between the HI100 and LI100 sub-corpora across the sub-periods’ scores in WoS corpus.
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Fig. 5. Differences in growth rates between the HI100 and LI100 sub-corpora across the sub-periods’ scores in GS corpus.

4.2. Classification models
We computed several bivariate logistic regression models with different trajectory structure measures as dependent variables for

detecting the main factors that influence the scholar classification into the citation number-based impact groups (HI100/LI100).
Notably, most of the variables included in the models are proportion-based indicators that do not directly reflect the citation (or h-
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index) scores, but rather capture the citation trajectory structure characteristic for each group. Tables 3 and 4 show the details of the
obtained models.

The regression model for WoS was found significant ChiZ (5) = 79.80, p < 0.001, with the influence variables explaining 42% (Cox
& Snell R? = 0.42) and 56% (Nagelkerke R? = 0.56) of the variance. All the examined coefficients were found significant.

The regression model for GS was found significant Chi? (5) = 32.20, p < 0.001, with the influence variables explaining 20% (Cox &
Snell R? = 0.20) and 26% (Nagelkerke R? = 0.26) of the variance. All the examined coefficients, except for the 1st period Sum, were
found significant.

Then, we applied the automatic classifier (PredictionProb) with 95% confidence interval based on the above models using 4-fold
cross-validation technique to test the model classification accuracy. To this end, each of the two datasets of 100 scholars (HI100 and
LI100) was randomly partitioned to four subsamples and the model was trained each time on about 70-75% of the sample and tested
on the remaining 25-30%. We used the following values of the convergence criteria for the maximum likelihood estimation algorithm:
PIN (0.05), POUT (0.10), ITERATE (20) and CUT (0.5). Tables 5 and 6 present the crosstabulation of the classifier.

As shown in Table 5, the overall classifier’s accuracy for WoS was 76.9%. It correctly classified a scholar from the LI100 group in
64.3% of the cases and 91.7% of the cases in the HI100 group.

As shown in Table 6, the overall classifier’s accuracy for GS was 76.9%. It correctly classified a scholar from the LI100 group in
75.0% of the cases and 79.2% of the cases in the HI100 group.

4.3. Qualitative analysis of the mismatches

Finally, we conducted a qualitative analysis to closely examine the scholars that the second trajectory model-based classifiers
(presented in Tables 5 and 6) were not able to classify correctly, i.e. those whose trajectory-based classification does not match their
citation number-based classification. To this end, PredictionProb (calculated separately for each citation index) was applied to all the
scholars in the study corpus. Overall, there were 36 classification mismatches in WoS and 53 in GS.

The first type of mismatches were scholars in HI100 who were classified as LI100 based on the trajectory-based model. In the WoS
corpus, 15 scholars from HI100 were classified in the L1100 group. Most of them were male (11), mostly from Life Sciences (7) and
Exact Sciences (6) faculties (and only two from Social Sciences), with an average seniority rate of 29.4 (+10.2). The average Sum Up
value of these scholars was 0.51 (£+0.25), average Avg Growth Down Up was 0.74 (+0.36) and the sub-periods Sum was in the range of
0.87-1.87. In the GS corpus, 26 scholars from HI100 were classified in the LI100 group. Most of them were male (24), and almost all of
them (21) were from Exact Sciences and Engineering faculties. Their average seniority rate was 41.19 (+10.24), average Sum Up value
was 0.45 (£0.17), Avg Growth Down Up was 0.72 (+0.35), and the sub-periods Sum was in the range of 0.58-2.46. And so, the
trajectory measures values for these scholars were closer to those of LI100 than to those of HI100 (see Table 1), which explains the
classifier’s result for them. These findings show that the classifier demoted mostly scholars with relatively high seniority from the
faculties that tend to gain higher citation numbers in each citation index, but whose trajectory indicators were quite low.

As demonstrated in Fig. 6, the majority of these mismatches are late bloomers, early-mid career decliners or scholars whose tra-
jectories exhibit mixed incline-decline trends. This shows that in some cases (particularly for scholars with a high seniority), it is
possible to reach an overall high citation level even after some substantial drops on the way, but these are not characteristic trajectory
structures of successful scholars. On the other hand, it would probably be reasonable to limit the analyzed career length (e.g. to 30
years) to avoid “punishing” scholars for a decline trend in their trajectories after (or close to) retirement. This is especially relevant for
GS, where seniority values are generally higher than in WoS (see Table 2) which explains the higher number of mismatches of this type
(HI100 scholars classified as LI100) in the GS citation index compared to WoS.

The second type of mismatches (LI100 classified as HI100) was mostly comprised of scholars with (almost) constantly increasing
citation slope trajectories which are characteristic of successful scholars, but from faculties that typically gain lower citation scores (as
shown in Fig. 7). In the LI100 group — 21 scholars were classified incorrectly as HI100 in the WoS corpus: 15 males and six females.
Most of them (14) from the Exact Sciences and Engineering faculties, four from Social Sciences and three from Life Sciences, with an
average seniority rate of 17.52 (+4.32). Their average trajectory indicators scores were very close to the scores of the HI100 group (see
Table 1) (Sum Up of 0.66 (£0.28), Avg Growth Down Up of 0.62 (+0.42) and the sub-periods Sum in the range of 2.33-3.38), which
explains their classification result. In the GS corpus, 27 scholars from the LI100 group were classified in the HI100 group. Most of them

Table 3
The logistic regression coefficients for the factors that influence the scholar’s group, based on trajectory structure measures without seniority, in the
WoS corpus.

Factors Dependent variable: Scholar group
BCa 95% Confidence Interval

B Bias S.E. Exp(B) Lower Upper
Sum Up (*) —0.04 —0.003 0.02 0.96** -0.07 —0.02
Avg Growth Down Up (*) —-0.01 —0.001 0.01 0.99%* —-0.02 —-0.01
1st period Sum 0.84 0.06 0.21 2.32%*x 0.46 1.54
2nd period Sum 0.63 0.04 0.20 1.88** 0.26 2.00
3rd period Sum 0.67 0.05 0.17 1.96%** 0.37 1.26

*p < 0.05, **p < 0.01, ***p < 0.001, (*) - normalized.
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Table 4
The logistic regression coefficients for the factors that influence the scholar’s group, based on trajectory structure measures without seniority, in the
GS corpus.

Factors Dependent variable: Scholar group
BCa 95% Confidence Interval

B Bias S.E. Exp(B) Lower Upper
Sum Up (*) —0.02 —0.001 0.01 0.98* —0.05 0.01
Avg Growth Down Up (¥) —0.02 —0.001 0.01 0.98* —0.03 —0.01
1st period Sum 0.29 0.01 0.17 1.34 —-0.05 0.70
2nd period Sum 0.26 0.01 0.13 1.30* —0.01 0.60
3rd period Sum 0.41 0.03 0.14 1.50%* 0.14 0.81

*p < 0.05, **p < 0.01, ***p < 0.001, (*) — normalized.

Table 5
Crosstabulation of the classification WoS model.
Scholar group”
LI100 HI100 Total
N % N % N %
LI100 18 64.3% 10 35.7% 28 100.0%
HI100 2 8.3% 22 91.7% 24 100.0%
Total 20 38.5% 32 61.5% 52 100.0%

@ Chi% (1) = 17.09, p < 0.001.

Table 6
Crosstabulation of the classification GS model.

Scholar group®

L1100 HI100 Total

N % N % N %
L1100 21 75.0% 7 25.0% 28 100.0%
HI100 5 20.8% 19 79.2% 24 100.0%
Total 26 50.0% 26 50.0% 52 100.0%

2 Chi? (1) = 15.17, p < 0.001

were male (19), most of them (16) from the Social Sciences faculty, eight from Exact Sciences and three from Life Sciences. Their
average seniority rate was 21.42 (+7.93), average Sum Up value was 0.67 (+0.19), Avg Growth Down Up was 0.50 (+0.3) and the sub-
periods Sum was in the range of 2.3-3.3, that are quite close to those of the HI100 group (rather than to LI100) - as expected. These
figures, combined with the observations from their trajectory structures (see Fig. 7), lead us to the conclusion that these are mostly
scholars with (almost) constantly increasing citation slope trajectories which are characteristic of successful scholars, but from fac-
ulties that typically gain lower citation scores in each index, and this explains the mismatch between their citation number-based and
trajectory-based classifications.

This result implies that these scholars, if they continue to maintain the same trend, have great potential to become top impactful
scholars. There were also five outliers whose trajectories displayed mixed trends and their proportion-based indicators were closer to
the LI100 group, but the model classified them as HI100. This requires further refinement and extension of the proposed trajectory-
based measures, which is a subject for future work. We also note that three scholars (one in WoS and two in GS) could not be classified,
all of them from the LI100 group. This is due to very low rates of seniority (12 on average), resulting in the absence of data regarding
the 3rd career trajectory sub-period, which is included in the model.

5. Discussion and conclusions

This study is part of an evolving discipline used to predict the scientific development trends, named “science of science” [61,62].
“Science of science” uses large-scale data dealing with the production of science to search for universal and domain-specific patterns.
This is possible due to the vast availability of digital data on scholarly output [61].

This research presented a new quantitative methodology for modeling scholarly success based on a set of measures that capture the
structure of scholars’ citation slope trajectories.

These measures were used as influence factors in bivariate logistic regression models and probabilistic classifiers based on these
models. To test the effectiveness of the developed methodology, we experimented with the corpus of the citation trajectories of 400
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Fig. 6. Examples for slope trajectories of the HI100 outliers who were classified as LI100.
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Fig. 7. Examples for slope trajectories of the LI100 outliers who were classified as HI100.

tenured professors in Israel retrieved from two citation indices, WoS and GS. We found that the developed proportion-based trajectory
measures were quite stable and not influenced by the various demographic factors, such as field of study, seniority and gender, and
present similar trends and scales for both examined citation indices, and thus can be considered universal. This is contrary to the other
standard impact measures (e.g. the overall or yearly citation number, and h-index) and measures comprised of a single variable derived
from the trajectory structure (e.g. citation slope growth or length of the incline periods), that were found to be more biased to certain
disciplines in different citation indices. In addition, our expectations regarding the general characteristics of the citation slope tra-
jectory structure of the successful scholars was confirmed. The HI100 group was found to be superior to the L1100 group in almost all
the measures. In particular, we found that although both groups may have a similar number of decline years, the proportion of incline
years relatively to decline years is much more meaningful in determining scholarly success. Also, while past research reported
controversial conclusions regarding the most influential period for future academic impact (e.g. Refs. [4,19,23,39], the results of the
Sum and Sum Up measures (in general as well as for various sub-periods) showed significant differences between the two scholar
groups overall and across at least four first sub-periods (20 years of activity). This suggests that early academic investment alone is not
sufficient, and consistency must be preserved to maintain the top scholarly status, i.e. it is important to maintain a constant and
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continuous incline with increasing growth rates.

The constructed classifiers showed the 75-79% classification match between the scholarly impact groups based on the citation
number rates and on the trajectory structure model. Remarkably, the optimal models of both citation indices comprised the same
predictive variables. Finally, the qualitative analysis of the classification mismatches suggests that some HI100 scholars whose slope
trajectories continuously decline at some point may lose their high impact status despite gaining quite high overall citation and h-index
scores. On the other hand, some scientists, whose slope trajectories are (virtually) constantly on the rise, are identified by our models as
good candidates to become highly impactful scholars despite the currently low total citation and h-index values. In practice, since
increasing scholarly impact is currently one of the main concerns and goals of every scientist and academic institution, the simple
trajectory structure-based measures proposed in this study can be utilized to assess and predict the potential of young and mid-career
scientists to become high impact scholars. Furthermore, the trajectory-based measures reflect an individual scholar’s trend and impact
increase compared to his/her own starting point. Thus, they define a scholar-centered evaluation approach, based on the self-
improvement, as a complimentary type of scholar evaluation that can be combined with the traditional community-centered evalu-
ation, based on the comparison to peers.

In future research, we plan to refine the model by analyzing the citation trajectories of a large and balanced corpus of thousands of
scholars from different countries, institutions, seniority levels and disciplines. While in the current study we experimented with two
extreme groups (most and least cited scholars), it could be interesting to expand the classification task to intermediate citation level
groups. In addition, a large-scale longitudinal study, that will track the changes in the slope trajectories of scholars over time, will
enable the application of more advanced computational tools in order to extend, fine-tune and generalize the initial set of measures
and classification models presented in this paper.
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