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Abstract

[Purpose/Significance] This paper analyzes the underlying causes of abnormal
indicator discriminability and skewed data distributions in scientific and tech-
nological evaluation, positing that this phenomenon essentially represents a di-
vergence between evaluation indicator values and evaluation attributes, wherein
indicator values fail to adequately reflect the intrinsic meaning of the attributes.
[Method/Process] It proposes a novel approach to mitigate this divergence—
logarithmic median standardization—and empirically validates the method us-
ing mathematics journals from JCR 2016 as a case study. [Results/Conclusion]
The findings demonstrate that: citation indicators are particularly susceptible
to the divergence between indicator values and attributes; such divergence can
be assessed from multiple perspectives, including indicator connotation anal-
ysis, pass rates, coefficients of variation, median-to-maximum ratios, and the
Herfindahl-Hirschman Index (HHI); logarithmic median standardization sub-
stantially reduces this divergence; it is recommended that evaluations exhibit-
ing indicator-attribute divergence employ data processed via logarithmic median
standardization.
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Abstract

[Purpose/Significance] This paper analyzes the underlying causes of abnor-
mal index discrimination and skewed data distribution in science and technol-
ogy evaluation, arguing that these phenomena essentially represent a deviation
between evaluation index values and evaluation attributes—meaning that the
index values fail to adequately reflect the essential meaning of the evaluation
attributes. [Method/Process] The study proposes a novel method to reduce
this deviation: logarithmic median standardization, and demonstrates its ap-
plication using JCR 2016 mathematics journals as an empirical case. [Re-
sult /Conclusion] The findings indicate that citation indices are particularly
prone to deviation between index values and evaluation attributes. This devia-
tion can be identified from multiple perspectives, including index connotation
analysis, pass rates, dispersion coefficients, median-to-maximum ratios, and the
Herfindahl-Hirschman Index (HHI). Logarithmic median standardization sig-
nificantly mitigates this deviation, and the study recommends adopting this
processed data for evaluation when such deviations are present.

Keywords: distinction degree; data distribution; science and technology eval-
uation; influence index; logarithmic median standardization

2. Theoretical Analysis of Evaluation Distinction Degree

2.1 Causes of Abnormal Data Distribution and Distinction Degree in
Evaluation Indicators

Given the complexity of these issues, this paper focuses on academic journal
evaluation to explore the underlying reasons for the skewed distribution and ab-
normal distinction degree observed in many journal evaluation metrics. Several
key factors contribute to this phenomenon.

First, the problem of skewed data distribution and distinction degree is par-
tially concealed in practice. The public often finds it difficult to accept severely
skewed evaluation results, such as when pass rates fall below 5%. Common eval-
uation practices—including university rankings, industrial park assessments,
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journal evaluations, and research performance appraisals—frequently publish
only rankings without revealing the actual scores, thereby obscuring the mag-
nitude of gaps between evaluated objects. This practice masks the severity of
distribution distortions.

Second, only a very small number of science and technology evaluation indica-
tors should normally exhibit skewed distributions. In most cases, evaluation
indicators should follow or approximate a normal distribution, with only rare
exceptions legitimately showing skewness. For instance, metrics reflecting gen-
uine innovation levels—such as breakthrough theories like relativity or quantum
mechanics—naturally exhibit skewed distributions with abnormal distinction
degrees, which the public can accept. However, truly innovative indicators are
extremely scarce, as original contributions typically require peer review for as-
sessment and cannot be adequately captured through bibliometric measures.
Consequently, when numerous bibliometric indicators display skewed distribu-
tions, this signals an underlying problem.

Third, existing bibliometric indicators struggle to measure innovation effec-
tively. In academic journal evaluation, metrics fall into three main categories:
(1) influence indicators (e.g., impact factor, 5-year impact factor, cited impact
factor) that reflect citation patterns; (2) timeliness indicators (e.g., cited half-
life, citing half-life); and (3) source indicators (e.g., funded paper ratio, re-
gional distribution, average author count). While these indicators often cor-
relate positively with journal quality, they cannot directly measure the most
critical dimension—paper quality or innovation level. The skewed distribution
of bibliometric indicators is therefore abnormal because these metrics fail to
capture genuine innovation, yet their data distributions exhibit the skewness
that should characterize true innovation metrics.

Finally, this leads to the core concept of “deviation between evaluation index
value and evaluation attribute.” Based on the above analysis, only original
achievements should follow skewed distributions with large distinction anoma-
lies. Since current bibliometric indicators cannot evaluate originality but still
exhibit skewed distributions, the only explanation is that the raw bibliometric
data contain distorted information that fails to reflect the true attributes being
measured. This phenomenon—where bibliometric indicator values do not accu-
rately represent the intended evaluation attributes—manifests as skewed data
distributions and abnormal distinction degrees. The raw data for total citations,
impact factors, and other metrics exaggerate the true differences in journal in-
fluence. For example, a journal with 16,000 total citations is not necessarily 20
times more influential than one with 800 citations. The actual distribution of
journal influence should approximate a normal distribution, but the distorted
indicator values create the false impression that influence itself is skewed.
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2.2 Impact of Indicator Data Distribution and Distinction Degree on
Comprehensive Evaluation

Building on the indicator-level analysis, we now examine the issue from a multi-
attribute evaluation perspective. Multi-attribute evaluation combines bibliomet-
ric indicators through weighting schemes and specific methods to produce over-
all assessments. Major journal ranking systems—such as Peking University’s
Chinese Core Journals, CSTPCD, CSCD, and CASS core journals—employ dif-
ferent evaluation frameworks, weighting methods, and specific techniques, but
share similar underlying principles. Consequently, the distribution and distinc-
tion degree of individual evaluation indicators inevitably affect the final evalu-
ation results. Research has shown that skewed indicator data can bias assess-
ments of average journal performance, with right-skewed distributions leading
to underestimated evaluation values. Therefore, selecting indicators with better
distribution properties is crucial for accurate evaluation.

2.3 Approaches to Improving Data Distribution and Distinction De-
gree

The fundamental solution involves non-linear transformation of raw indicators to
better express their attribute meanings and improve distinction degree, making
distributions more normal. The relationship between indicator attributes and
dimensionless processing methods is inseparable; standardization approaches
should be designed based on the characteristics of raw data distributions. This
study proposes applying natural logarithm transformation to raw bibliometric
indicators to improve their distinction degree and distribution. The United
Nations Development Programme employs a similar approach when calculating
the Human Development Index, applying logarithmic transformation to income
indicators to reflect diminishing marginal utility. Logarithmic transformation
offers valuable properties: it is strictly monotonic, strongly concave, capable of
altering distribution shapes, and effective at compressing value ranges—making
it particularly suitable for rapidly growing indicators with large spans. When
observations cluster at low levels (right-skewed distributions), concave utility
functions are appropriate.

2.4 Research Design

The technical route of this study is illustrated in Figure 1 [Figure 1: see original
paper]. The first approach evaluates journals using raw indicator data without
transformation. The second approach applies logarithmic transformation com-
bined with a new standardization method to modify the data distribution and
distinction degree before evaluation. The two approaches are then compared to
assess differences in data distribution and distinction degree.

2.4.1 Assessing Raw Indicator Distribution and Distinction Degree
First, we analyze the connotation of each bibliometric indicator to determine
its nature. If an indicator genuinely reflects innovation levels, skewed distri-
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bution may be normal and require no adjustment. For indicators measuring
influence, timeliness, or general source characteristics, we test their raw data
distributions—primarily through normality tests such as the Jarque-Bera test.

Various methods exist for assessing distinction degree. Wang and Zhang pro-
posed using the coefficient of variation, while Yu and Liu suggested applying
Gini coefficient principles. Given the complexity of Gini coefficient calcula-
tions, this study adopts the Herfindahl-Hirschman Index (HHI) proposed by
Hirschman to measure distinction degree:

HHI = Zm: (an]> (1)

i=1 i=1Lij

where z;; represents the indicator value, ¢ is the evaluation object index, j is
the indicator index, m is the number of evaluation objects, and HHI is the sum
of squared indicator shares. This is an inverse indicator of distinction degree.

2.4.2 Logarithmic Transformation of Raw Indicators

All selected indicators undergo natural logarithm transformation. Note that
some indicators have zero values, which cannot be log-transformed. In such
cases, minimal data adjustment is applied, such as adding 1% of the maximum
value to all observations.

2.4.3 Implicit Requirements of Evaluation Purpose for Distinction
Degree

Evaluation purposes often impose implicit requirements on distinction degree,
such as expecting scores above 60 (or standardized values above 60). This
suggests indicators should have certain properties—one simple criterion is that
the median should preferably exceed half of the maximum value. When this
condition is not met, necessary adjustments during standardization are required.

2.4.4 Logarithmic Median Standardization

Standardization aims to linearly transform log-transformed indicators so that
median values are appropriately increased (e.g., to half of the maximum) to
improve public acceptance of the scores. Two cases are distinguished:

Case 1: For indicators where the median already exceeds half of the range, tradi-
tional standardization is applied because the distribution already approximates
public expectations.

Case 2: For indicators where the median falls below the midpoint, the relative
difference is added before standardization to avoid score clustering in low-value
regions. This approach is termed “logarithmic median standardization.”

Let D, ; represent the relative gap between the median and the range midpoint:
0.5{max[ln(xij)} - min[ln(xij)]} - median[ln(mij)]

D..

)

max(In(z;;)] — min[ln(z,;)] @)
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For Case 2, logarithmic median standardization is applied:

In(z..) — min[ln(z, ;
X.. = Dij + (1007Dij> o n(ﬂczg) min| n(x”)}

ij

(3)

max|In(z,;)] — min[ln(z,;)]
For Case 1, traditional standardization is used to enhance distinction degree:

ln(xij) — min[ln(xij)]
- max|In(z,;)] — min[ln(z,;)] x 100 (4)

ij

2.4.5 Multi-Attribute Evaluation and Analysis

Based on the above processing, this study employs multi-attribute evaluation
methods, using TOPSIS as an example to compare results before and after log-
arithmic transformation, thereby illustrating the impact of indicator distinction
degree and data distribution processing on evaluation outcomes.

3. Research Data and Empirical Results
3.1 Research Data

This study uses JCR 2016 mathematics journals as the research sample. JCR
2016 provides 11 main evaluation indicators: total citations, impact factor with-
out self-citations, impact factor, immediacy index, impact factor percentile, 5-
year impact factor, Eigenfactor, normalized Eigenfactor, article influence score,
cited half-life, and citing half-life. The impact factor percentile is excluded due
to its non-parametric nature from ranking transformation. Additionally, cited
half-life and citing half-life are excluded for journals exceeding 10 years, as these
are only reported as “>10" without specific values. Consequently, all selected
indicators reflect journal influence.

Among 310 JCR 2016 mathematics journals, some had missing data and were
removed, leaving 294 journals for analysis. Descriptive statistics of the raw
indicators are presented in Table 1 .

3.2 Distribution and Distinction Degree of Raw Indicators

Table 2 presents the distribution and distinction degree metrics for the raw indi-
cators. The median-to-maximum ratio reflects the median’s position, with the
5-year impact factor showing the highest value at 0.177—meaning that if the
maximum score is 100, half of the journals score below 17.7, indicating severe
data clustering and poor distinction at low values. Most dispersion coefficients
fall within two standard deviations (coefficient of variation < 2.0), except for
citing half-life. The HHI values are generally low, though their absolute lev-
els require further interpretation given the index’s origin in measuring market
concentration.
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If each indicator’s maximum value is set at 100 and 60 as the passing thresh-
old, among 294 journals, the highest pass count across eight indicators is only
8 journals. The vast majority of journals “fail” across all indicators, suggesting
the raw data distort actual journal influence and lack credibility. All indica-
tors reject the null hypothesis of normal distribution in Jarque-Bera tests, with
positive skewness indicating right-skewed distributions.

3.3 Distribution After Data Processing

All eight indicators are log-transformed. Analysis of their median values reveals
that the immediacy index median is -2.048, while the midpoint of the range is
-2.996, placing its median ahead of the midpoint—making it the only indica-
tor suitable for conventional standardization using formula (4). The remaining
seven indicators are processed using formula (3). The post-processing distribu-
tion and distinction degree are shown in Table 3 .

The average median-to-maximum ratio improves dramatically from 0.090 (raw
data) to 0.486 (processed data), meaning 50% of journals now score around the
48.6% level—a much more uniform distribution. The mean coefficient of vari-
ation decreases from 1.107 to 0.337, reflecting more uniform data distribution.
The average HHI drops from 0.008 to 0.0038, indicating substantially improved
distinction degree and more balanced distribution as an inverse indicator.

The average number of passing journals increases from 5 (raw data) to 75.38
after processing—a remarkable improvement. While evaluation results remain
non-normal after processing, the Jarque-Bera statistic decreases dramatically
from 6374.367 to 75.624, bringing the distribution much closer to normality.
Skewness also improves significantly.

3.4 Comparison of Evaluation Results

To compare distinction degree and distribution before and after processing, this
study applies both linear weighting and TOPSIS methods with equal weights
for simplicity. Partial results (top 30 journals) are shown in Table 4 . Even
with identical methods, ranking differences emerge between processed and un-
processed data.

Table 5 summarizes distinction degree and distribution metrics for the evalua-
tion results. Before processing, linear weighting yields only 2 passing journals,
while TOPSIS produces just 1—results that are difficult to justify and unlikely
to gain acceptance from journal editors. After processing, linear weighting pro-
duces 54 passing journals and TOPSIS yields 41, substantially improving pass
rates and aligning evaluation results with perceived journal influence.

The median-to-maximum ratio improves from 0.133 (linear weighting) and 0.125
(TOPSIS) before processing to 0.510 and 0.480 respectively after processing.
Coefficients of variation decrease from 0.812 to 0.271 (linear weighting) and
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from 0.906 to 0.289 (TOPSIS). HHI values also improve markedly, decreasing
from 0.0056 to 0.0037 for linear weighting and from 0.0062 to 0.0037 for TOPSIS.

5. Research Conclusions

5.1 The Root Cause of Low Distinction Degree: Deviation Between
Index Value and Evaluation Attribute

This study analyzes the abnormal distinction degree and skewed data distribu-
tion in science and technology evaluation, particularly in bibliometric indicators,
where low scores cluster excessively while high scores disperse too widely, creat-
ing right-skewed distributions that persist in multi-attribute evaluation results.
This leads to questionable scores that undermine evaluation credibility. The
fundamental cause is the deviation between evaluation index values and evalu-
ation attributes—citation counts and impact factors cannot objectively reflect
true influence. Only indicators genuinely measuring academic innovation can
avoid this deviation, but such indicators are currently scarce and difficult to
obtain.

5.2 Citation Indicators Are Particularly Prone to Deviation

Bibliometric citation indicators are especially susceptible to deviation between
index values and evaluation attributes, including total citations, impact factor,
cited impact factor, h-index, 5-year impact factor, immediacy index, Eigenfac-
tor, and normalized Eigenfactor. Other timeliness indicators, source metrics,
and editorial indicators require separate analysis.

5.3 Multi-Perspective Assessment of Deviation

Deviation between index values and attributes can be assessed through multiple
approaches: (1) analysis of whether the indicator’s connotation genuinely re-
flects “towering above the rest” characteristics typical of major breakthroughs;
(2) examination of pass rates, dispersion coefficients, median-to-maximum ra-
tios, and HHI concentration indices.

5.4 Logarithmic Median Standardization Effectively Reduces Devia-
tion

The proposed logarithmic median standardization method first applies natural
logarithm transformation to compress the range between extreme values and
approximate normal distribution, followed by targeted standardization. For
indicators with medians below the midpoint, the relative difference is added
before standardization. Empirical results demonstrate that this approach sub-
stantially improves median-to-maximum ratios, reduces dispersion coefficients
and concentration indices, and brings distributions closer to normality, enabling
index values to better reflect attribute values.
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5.5 Recommendation: Adopt Logarithmic Median Standardization

When evaluation indicators exhibit abnormal data distribution and distinction
degree, analysts should first confirm whether deviation between index values
and attributes exists. If confirmed, the study recommends using logarithmically
transformed data for both individual indicator evaluation and multi-attribute
evaluation to accurately reflect evaluation objects’ true attributes and overall
performance.
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