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Abstract 22 
 23 
Citation metrics influence academic reputation and career trajectories. Recent works have 24 
highlighted flaws in citation practices in the Neurosciences, such as the under-citation of 25 
women. However, self-citation rates—or how much authors cite themselves—have not yet been 26 
comprehensively investigated in the Neurosciences. This work characterizes self-citation rates 27 
in basic, translational, and clinical Neuroscience literature by collating 100,347 articles from 63 28 
journals between the years 2000-2020. In analyzing over five million citations, we demonstrate 29 
four key findings: 1) increasing self-citation rates of Last Authors relative to First Authors, 2) 30 
lower self-citation rates in low- and middle-income countries, 3) gender differences in self-31 
citation stemming from differences in the number of previously published papers, and 4) 32 
variations in self-citation rates by field. Our characterization of self-citation provides insight into 33 
citation practices that shape the perceived influence of authors in the Neurosciences, which in 34 
turn may impact what type of scientific research is done and who gets the opportunity to do it. 35 
 36 
1. Introduction 37 
 38 
Citations are often used as a proxy for how well a researcher disseminates their work, which is 39 
important both for spreading knowledge and establishing a scientific reputation 1. Furthermore, 40 
citation counts and other metrics like the h-index are critical for hiring and promotion in an 41 
increasingly tenuous academic job market 2–4, necessitating a thorough examination of citation 42 
practices across research fields. Existing investigations of citation practices have found, for 43 
instance, false inflation of impact factors by specific journals 5. Others have demonstrated 44 
under-citation of racial and ethnic minority groups 6 and women 7–9, including three studies 45 
specific to the Neuroscience literature 6,7,9. These examples of citation manipulations and biases 46 
underscore the importance of comprehensively investigating citation practices in the broader 47 
Neuroscience literature. 48 
Self-citation, or how frequently authors cite themselves, remains an understudied citation 49 
practice in the Neuroscience literature. Self-citation can be calculated from two different 50 
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perspectives: 1) as the proportion of an author’s total citations that come from their own works 51 
10,11, or 2) as the proportion of an author’s references on which they are also an author 12. Since 52 
the former accounts for the total number of times an author cites themselves (across all papers) 53 
divided by the total number of citations the author has received, it helps identify when a 54 
particular author only accumulates citations from themselves 10. However, in this manuscript we 55 
defined self-citation as the latter because one cannot control how much others cite their works. 56 
As such, the second definition of self-citation rate may more closely reflect intention in self-citing 57 
and will allow for more self-reflection about self-citation practices.  58 
 59 
Self-citations may often be appropriate. For example, in a direct follow-up publication, a 60 
researcher will need to cite their previous work. Yet, h-indices can be strategically manipulated 61 
via self-citation 13, and some scientists may engage in extreme or unnecessary self-citation 10. 62 
While certain citation metrics can be adjusted to remove self-citations, the effect of a single self-63 
citation extends beyond adding one additional citation to an author’s citation count. In a 64 
longitudinal study of self-citation, Fowler and Aksnes 14 found that each self-citation leads to 65 
approximately three additional citations after five years. Given the potential effects of self-66 
citations on various citation metrics that influence career trajectories, a detailed analysis of self-67 
citation rates and trends in the Neuroscience literature could benefit the field.  68 
 69 
This work summarizes self-citation rates in Neurology, Neuroscience, and Psychiatry literature 70 
across the last 21 years, 63 journals, 100,347 articles, and 5,061,417 citations. We then build 71 
upon these calculations by exploring trends in self-citation over time, by seniority, by country, by 72 
gender, and by different subfields of research. We further develop models of the number of self-73 
citations and self-citation rate. Finally, we discuss the implications of our findings in the 74 
Neuroscience publishing landscape and share a tool for authors to calculate their self-citation 75 
rates: https://github.com/mattrosenblatt7/self_citation.  76 
 77 
2. Results 78 
 79 
2.1 Data 80 
 81 
We downloaded citation information from 157,287 papers published between 2000 and 2020 82 
from Scopus. Articles spanned 63 different journals representing the top Neurology, 83 
Neuroscience, and Psychiatry journals (Table S1) based on impact factor. After applying our 84 
exclusion criteria (see Methods), 100,347 articles and 5,061,417 citations remained.  85 
 86 
2.2 Metrics 87 
 88 
Using the Scopus database and Pybliometrics API 15, we calculated three metrics for each 89 
individual paper: First Author self-citation rate, Last Author self-citation rate, and Any Author 90 
self-citation rate, where self-citation rate is defined as the proportion of cited papers on which 91 
the citing author is also an author. As an example, consider a hypothetical paper by Author A, 92 
Author B, and Author C that cites 100 references.  93 

● If Author A is an author on 5 of those references, then the First Author self-citation rate is 94 
5/100=5%.  95 

● If Author C is an author on 10 of those references, then the Last Author self-citation rate 96 
is 10/100=10%.  97 

● If at least one of Author A, Author B, OR Author C is an author on 18 of the references, 98 
then the Any Author self-citation rate is 18/100=18%.  99 

We will use the above definitions of self-citation throughout the remainder of the paper. 100 
Furthermore, our estimations via Python code of the above three metrics showed strong 101 
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agreement with 906 manually scored articles from a subset of Psychiatry journals (r’s>0.9) 102 
(Figure S1).  103 
 104 
We performed 1,000 iterations of bootstrap resampling to obtain confidence intervals for all 105 
analyses. We additionally performed 10,000 iterations of permutation testing to obtain two-sided 106 
P values for all significance tests. All P values are reported after applying the 107 
Benjamini/Hochberg 16 false discovery rate (FDR) correction, unless otherwise specified. 108 
Importantly, we accounted for the nested structure of the data in bootstrapping and permutation 109 
tests by forming co-authorship exchangeability blocks. 110 
 111 
Throughout this work, we characterized self-citation rates with descriptive, not causal, analyses. 112 
Our analyses included several theoretical estimands that are descriptive 17, such as the mean 113 
self-citation rates among published articles as a function of field, year, seniority, country, and 114 
gender. We adopted two forms of empirical estimands. First, we showed subgroup means in 115 
self-citation rates. We then developed smooth curves with generalized additive models (GAMs) 116 
to describe trends in self-citation rates across several variables. 117 
 118 
2.3 Self-citation rates in 2016-2020 119 
 120 
In the last five years of our dataset (2016-2020), the overall self-citation rates were 3.98% (95% 121 
CI: 3.87%, 4.07%) for First Authors, 8.15% (95% CI: 7.98%, 8.30%) for Last Authors, and 122 
14.41% (95% CI: 13.99%, 14.74%) for Any Authors (Table 1). In all fields, the Last Author self-123 
citation rates were significantly higher than that of First Author self-citation rates (P=2.9e-4). 124 
Neuroscience had a significantly lower self-citation rate than Neurology and Psychiatry for First, 125 
Last, and Any Authors (P’s=2.9e-4). We found no significant difference between Neurology and 126 
Psychiatry for First Author (P=0.144) and Last Author (P=0.123) self-citation rates. Any Author 127 
self-citation rates were significantly higher in Neurology than Psychiatry before correction but 128 
nonsignificant after correction (P=0.010). When determining fields by each author’s publication 129 
history instead of the journal of each article, we observed similar rates of self-citation (Table 130 
S2). The 95% confidence intervals for each field definition overlapped in most cases, except for 131 
Last Author self-citation rates in Neuroscience (7.54% defined by journal vs. 8.32% defined by 132 
author) and Psychiatry (8.41% defined by journal vs. 7.92% defined by author). 133 
 134 
Although there is no clear rule for what levels of self-citation are “acceptable,” a histogram of 135 
self-citation rates (Figure 1a) and a table of self-citation percentiles (Table S3) both provide 136 
insight into the self-citation levels that are typical in the Neuroscience literature.  137 
 138 

Field First Author Last Author Any Author 

Overall 3.98 
(3.87, 4.07) 

8.15  
(7.98, 8.30) 

14.41 
(13.99, 14.74) 

Neurology 4.54 
(4.36, 4.70) 

8.87 
(8.52, 9.14) 

16.59  
(15.85, 17.16) 

Neuroscience 3.41 
(3.30, 3.51) 

7.54  
(7.36, 7.73) 

12.61 
(12.29, 12.91) 

Psychiatry 4.29 
(4.11, 4.43) 

8.41 
(8.16, 8.60) 

15.07 
(14.48, 15.47) 

Table 1. Self-citation rates in 2016-2020 for First, Last, and Any Authors by field. 139 
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2.4 Temporal trends in self-citation rates 140 
 141 
Furthermore, self-citation rates have changed since 2000 (Figure 1). For example, First Author 142 
self-citation rates were 6.22% (95% CI: 5.97%, 6.47%) in 2000 and 3.68% (95% CI: 3.53%, 143 
3.81%) in 2020. First Author self-citation rates decreased at a rate of -1.21% per decade (95% 144 
CI: -1.30%, -1.12%), Last Author self-citation rates decreased at a rate of -0.18% per decade 145 
(95% CI: -0.31%, -0.05%), and Any Author self-citation rates increased at a rate of 0.32% per 146 
decade (95% CI: 0.05%, 0.55%). Corrected and uncorrected P values for the slopes are 147 
available in Table S11. Further details about yearly trends in self-citation rate by field are 148 
presented in Figure S2 and Table S4. 149 

 150 

 151 
Figure 1. Visualizing recent self-citation rates and temporal trends. a) Kernel density estimate of the distribution of 152 
First Author, Last Author, and Any Author self-citation rates in the last five years. b) Average self-citation rates over 153 
every year since 2000, with 95% confidence intervals calculated by bootstrap resampling.   154 
 155 
2.5 Author seniority and self-citation rate 156 
 157 
We also considered that the self-citation rate might be related to seniority. To test this, we 158 
calculated each author's “academic age” as the years between the publication of their first paper 159 
(in any author position) and the current paper. For example, if the Last Author of a 2017 paper 160 
published their first paper in 1995, their academic age would be 22. We averaged the self-161 
citation rates across each academic age, only including those ages with at least 50 papers in 162 
the dataset, and found marked increases in self-citation rate with greater academic age (Figure 163 
2a). For instance, at ten years, the self-citation rate for First Authors is about 5%, while this 164 
number increases to over 10% at 30 years. Academic age appears to be a more robust 165 
indicator of self-citation than authorship position; for a given academic age, First Author and 166 
Last Author self-citation rates are comparable (Figure 2b). Analyzing self-citations as a fraction 167 
of publication history exhibited a similar trend (Figure S3). First Authors were even more likely 168 
than Last Authors to self-cite when normalized by prior publication history.  169 
 170 
 171 
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 172 
Figure 2. Average self-citation rates for each academic age in years 2016-2020. a) Self-citation rate vs. academic 173 
age for both First and Last Authors. Shaded regions show 95% confidence intervals obtained via bootstrap 174 
resampling. b) Comparison of self-citation rates by academic age for First and Last Authors. For a given academic 175 
age, a single point is plotted as (x=First Author self-citation rate for authors of academic age a, y=Last Author self-176 
citation rate for authors of academic age a). The dashed line represents the y=x line, and the coloring of the points 177 
from dark to light represents increasing academic age.  178 
 179 
2.6 Geographic location and self-citation rate 180 
 181 
In addition, we used the country of the affiliated institution of each author to determine the self-182 
citation rate by institution country over the last five years (2016-2020). We averaged First Author 183 
and Last Author self-citation rates by country and only included countries with at least 50 184 
papers. This analysis is distinct from country self-citation rate because we calculated self-185 
citation at the level of the author, then averaged across countries. In contrast, previous studies 186 
have operationalized country self-citation rates as when authors from one country cite other 187 
authors from the same country 18. The results are shown on a map of the world using 188 
GeoPandas 19 (Figure 3) and also presented in Table S5. Self-citation rates in the highest self-189 
citing countries double that of the lowest for the First and Last Authors. For instance, the First 190 
Author self-citation rate in Italy is 5.65%, while in China, it is 2.52%. We also investigated the 191 
distribution of the number of previous papers and journal impact factor across countries (Figure 192 
S4). Self-citation maps by country were highly correlated with maps of the number of previous 193 
papers (Spearman’s r=0.576, P=4.1e-4; 0.654, P=1.8e-5 for First and Last Authors). They were 194 
significantly correlated with maps of average impact factor for Last Authors (0.428, P=0.014) but 195 
not Last Authors (Spearman’s r=0.157, P=0.424). Thus, further investigation is necessary with 196 
these covariates in a comprehensive model. 197 

 198 
 199 
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 200 
Figure 3. Self-citation rates by country for First and Last Authors from 2016-2020. First Author data are presented in 201 
(a), and Last Author data are shown in panel (b). Only countries with >50 papers were included in the analysis. 202 
Country was determined by the affiliation of the author.  203 
 204 
2.7 Self-citation rates by subtopic 205 
 206 
We next investigated how self-citation rate varies within subfields of Neuroscience research. 207 
Based on Scopus abstract data for papers from 2016-2020, we developed a topic model using 208 
latent Dirichlet allocation (LDA). In LDA, each abstract is modeled as a distribution of topics, and 209 
each topic contains probabilities for many different words.  210 
 211 
We assigned each paper to the topic with the highest probability to determine “subtopics” for 212 
each paper. The topic number was chosen as 13 with a parameter search (Figure S5). Based 213 
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on the most common words of each topic (Figure S6), we assigned 13 overall themes: 1) Aging 214 
& development, 2) Animal models, 3) Cellular, 4) Clinical research, 5) Clinical trials, 6) 215 
Dementia, 7) Depression & anxiety, 8) Functional imaging, 9) Mechanistic, 10) Pain, 11) 216 
Schizophrenia, 12) Social Neuroscience, 13) Stroke. We then computed self-citation rates for 217 
each of these topics (Figure 4) as the total number of self-citation in each topic divided by the 218 
total number of references in each topic, and results with seven topics are also presented in the 219 
SI (Figures S7-8). 220 
 221 
We generally found that clinical trial research had the highest self-citation rates for First Authors 222 
at 6.07% (95% CI: 5.90%, 6.22%), whereas mechanistic research had the lowest self-citation 223 
rate at 3.10% (95% CI: 3.05%, 3.15%). For Last Authors, self-citation rates were highest for 224 
Dementia research at 10.34% (95% CI: 10.10%, 10.57%) while Social Neuroscience had the 225 
lowest self-citation rate at 6.34% (95% CI: 6.25%, 6.42%). For Any Author, Clinical trials once 226 
again had the highest self-citation rate at 20.99% (95% CI: 20.59%, 21.28%), and Social 227 
Neuroscience had the lowest self-citation rate at 10.71% (95% CI: 10.55%, 10.71%). For Last 228 
Author and Any Author self-citation rates, a different number of authors per field may explain the 229 
differences in self-citation rates (Spearman’s r=0.758, P=0.007; r=0.736, P=0.009 for Last and 230 
Any Authors, respectively). The same relationship did not hold for First Authors (Spearman’s r=-231 
0.033, P=0.929). 232 

 233 

 234 
Figure 4. Self-citation rates by topic. Results are presented for a) First, b) Last, and c) Any Authors. Topics were 235 
determined by Latent Dirichlet Allocation. Confidence intervals of the average self-citation rate are shown based on 236 
1000 iterations of bootstrap resampling.  237 
 238 
2.8 Self-citation by gender 239 
 240 
Several previous works have explored gender differences in self-citation practices. King et al. 20 241 
found that men self-cited 70% more than women from 1991-2011, but they did not account for 242 
the number of previous papers that the authors had due to limitations of the dataset. More 243 
recent works demonstrated that gender differences in self-citation largely disappear when 244 
accounting for the number of possible works an author may self-cite (i.e., number of previous 245 
publications) 7,21,22. While Dworkin et al. 7 specifically explored citation by gender in the 246 
Neuroscience literature, we expand the analysis to a wider range of journals to better represent 247 
field-wide self-citation rates (63 journals versus five in the previous work).  248 
 249 
For each paper, we assigned a probability of a particular name belonging to a woman or a man 250 
using the Genderize.io API. We retained only authors with >80% probabilities. There are clear 251 
limitations to these types of packages, as described by Dworkin et al. 7, because they assume 252 
genders are binary, and they do not account for authors who identify as nonbinary, transgender, 253 
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or intersex. As such, the terms “women” and “men” indicate the probability of names being that 254 
gender as opposed to a specific author identifying as a man or woman. Despite these 255 
limitations, we believe these tools can still help broadly uncover gender differences in self-256 
citation rates. 257 
 258 
We calculated the proportion of men and women First and Last Authors since 2000 (Figure 5a). 259 
Although the authorship proportions have begun to converge to be equal by gender, the gender 260 
disparity among the Last Authors was more notable than among the First Authors. Men and 261 
women were nearly equally represented as First Authors in 2020 (48.60% women). Based on 262 
linear fits, we estimated that men and women would be equally represented as Last Authors in 263 
2043 (95% CI: 2040, 2046).  264 
 265 
In 2016-2020, there were significant differences between First Author self-citation rates of men 266 
and women. First authors who were men had average self-citation rates of 4.54% (95% CI: 267 
3.99%, 5.08%), while women authors had average self-citation rates of 3.39% (95%CI: 3.03%, 268 
3.76%), which is significantly different (P=2.9e-4). Similarly, in 2020, Last Authors who were 269 
men had significantly higher self-citation rates than those who were women (P=2.9e-4), with 270 
self-citation rates of 8.53% (95% CI: 7.78%, 8.96%) and 7.42% (95% CI: 6.84%, 8.13%), 271 
respectively.  272 
 273 
In addition, men persistently had higher self-citation rates than women since 2000 (Figure 5b), 274 
though the gap has slowly decreased. Linear fits were used to estimate that self-citation rates 275 
for men and women would be equal for First Authors in the year 2044 (95% CI: 2036, 2056) and 276 
equal for the Last Authors in 2040 (95% CI: 2030, 2061). Furthermore, we calculated the ratio of 277 
men to women self-citations over the past two decades (Figure 5c). For First Authors, men have 278 
consistently cited themselves more than women by 27.27-55.57% depending on the year. 279 
Among Last Authors, there was a steep decrease in 2002, but since then, men have cited 280 
themselves 11.41-43.00% more than women.  281 
 282 
Seniority may account for gender differences in self-citation rate, as there are gender disparities 283 
in faculty positions and ranks 23–26. To explore the effect of seniority, we investigated self-citation 284 
rates by academic age and gender (2016-2020). Gender differences for the same academic age 285 
emerged early in an academic career and were relatively persistent throughout most of the 286 
career (Figure 5d-e). For instance, in the previous five years (2016-2020), there were 10,155 287 
papers by early-career women authors and 10,694 by early-career men authors. Women 288 
authors had 600,262 references and 13,426 self-citations (2.24% self-citation rate), while men 289 
authors had 617,881 references and 18,399 self-citations (2.98% self-citation rate). This 290 
equated to a 33.13% higher self-citation rate for men than women during the first ten years of 291 
their careers (P=2.9e-4).  292 

.CC-BY-ND 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted April 10, 2025. ; https://doi.org/10.1101/2022.09.27.509533doi: bioRxiv preprint 

https://paperpile.com/c/AJi8iy/Iu9EW+BWO72+NGzxS+ek7tC
https://doi.org/10.1101/2022.09.27.509533
http://creativecommons.org/licenses/by-nd/4.0/


9 
 

 293 
Figure 5. Gender disparities in authorship and self-citation. a) Proportion of papers written by men and women First 294 
and Last Authors since 2000. b) Average self-citation rates for men and women First and Last Authors. c) Ratio of 295 
average self-citation rates of men to women for First and Last Authors. d) Self-citation rates by academic age for men 296 
and women authors, where the dashed line represents men and the solid line women. e) Ratio of self-citation rates of 297 
men to women by academic age. f) Number of papers by academic age for men and women, where the dashed line 298 
represents men and the solid line women. g) Ratio of average number of papers of men to women by academic age. 299 
In all subplots, 95% confidence intervals of the mean were calculated with 1000 iterations of bootstrap resampling.  300 
 301 
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We considered two factors that might contribute to the gender discrepancy in self-citation rate 302 
by academic age: the number of papers published for authors of a given academic age, which is 303 
greater for men at all career stages 21,22,27,28, and the self-citation rate for a given number of 304 
papers. We compared the number of papers for men and women at a given academic age 305 
(Figure 5f-g) and found that men had a higher number of papers. This trend started early in the 306 
career (academic age<=10 years), where men had significantly more papers than women 307 
(P=2.9e-4). For example, at an academic age of 10 years, men were authors on an average of 308 
42.32 (s.d.: 1.76) papers, and women authored 30.09 (s.d.: 0.96) papers on average. In 309 
addition, we divided the number of papers into groups (Figure S9) and computed self-citation 310 
rate by gender for each group. Although the effect was small, men had significantly higher self-311 
citation rates for 0-9 papers (P=7.8e-4) and 10-19 papers (P=0.034). All other differences were 312 
not statistically significant. Clearly, accounting for covariates may affect perceived differences in 313 
raw self-citation rates. Thus, we further investigate the role of gender by adjusting for various 314 
other covariates in Sections 2.9 and 2.10.  315 

 316 
Furthermore, we explored topic-by-gender interactions (Figure S10). In short, men and women 317 
were relatively equally represented as First Authors, but more men were Last Authors across all 318 
topics. Self-citation rates were higher for men across all topics.  319 
 320 
2.9 Exploring effects of covariates with generalized additive models 321 
 322 
Investigating the raw trends and group differences in self-citation rates is important, but several 323 
confounding factors may explain some of the differences reported in previous sections. For 324 
instance, gender differences in self-citation were previously attributed to men having a greater 325 
number of prior papers available to self-cite 7,21,22. As such, covarying for various author- and 326 
article-level characteristics can improve the interpretability of self-citation rate trends. To allow 327 
for inclusion of author-level characteristics, we only consider First Author and Last Author self-328 
citation in these models.  329 
 330 
We used generalized additive models (GAMs) to model the number and rate of self-citations for 331 
First Authors and Last Authors separately. The data were randomly subsampled so that each 332 
author only appeared in one paper. The terms of the model included several article 333 
characteristics (article year, average time lag between article and all cited articles, document 334 
type, number of references, field, journal impact factor, and number of authors), as well as 335 
author characteristics (academic age, number of previous papers, gender, and whether their 336 
affiliated institution is in a low- and middle-income country). Model performance (adjusted R2) 337 
and coefficients for parametric predictors are shown in Table 2. Plots of smooth predictors are 338 
presented in Figure 6. 339 
 340 
First, we considered several career and temporal variables. Consistent with prior works 21,22, 341 
self-citation rates and counts were higher for authors with a greater number of previous papers. 342 
Self-citation counts and rates increased rapidly among the first 25 published papers but then 343 
more gradually increased. Early in the career, increasing academic age was related to greater 344 
self-citation. There was a small peak at about five years, followed by a small decrease and a 345 
plateau. We found an inverted U-shaped trend for average time lag and self-citations, with self-346 
citations peaking approximately three years after initial publication. In addition, self-citations 347 
have generally been decreasing since 2000. The smooth predictors showed larger decreases in 348 
the First Author model relative to the Last Author model (Figure 6).  349 
 350 
Then, we considered whether authors were affiliated with an institution in a low- and middle-351 
income country (LMIC). LMIC status was determined by the Organisation for Economic Co-352 
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operation and Development. We opted to use LMIC instead of affiliation country or continent to 353 
reduce the number of model terms. We found that papers from LMIC institutions had 354 
significantly lower self-citation counts (-0.138 for First Authors, -0.184 for Last Authors) and 355 
rates (-12.7% for First Authors, -23.7% for Last Authors) compared to non-LMIC institutions. 356 
Additional results with affiliation continent are presented in Table S6. Relative to the reference 357 
level of Asia, higher self-citations were associated with Africa (only three of four models), the 358 
Americas, Europe, and Oceania. 359 
 360 
Among paper characteristics, a greater number of references was associated with higher self-361 
citation counts and lower self-citation rates (Figure 6). Interestingly, self-citations were greater 362 
for a small number of authors, though the effect diminished after about five authors. Review 363 
articles were associated with lower self-citation counts and rates. No clear trend emerged 364 
between self-citations and journal impact factor. In an analysis by field, despite the raw results 365 
suggesting that self-citation rates were lower in Neuroscience, GAM-derived self-citations were 366 
greater in Neuroscience than in Psychiatry or Neurology. Field-based results were comparable 367 
when defining fields by each author’s publication history instead of the journal of each article. 368 
The most notable difference was in Neuroscience, where authors had relatively higher self-369 
citation rates using author-based rather than journal-based definitions of field (Table S7).  370 
 371 

  Count Rate Number of papers 

  First Author Last Author First Author Last Author First Author Last Author 

Adjusted R2  0.508 0.351 0.347 0.204 0.565 0.400 

Deviance 
explained 

 50.1% 38.6% 40.8% 25.4% 72.5% 55.7% 

Intercept  0.046** (P=1.1e-6) 0.748*** (P<2e-16) -3.64*** (P<2e-16) -2.93*** (P<2e-16) 2.296*** (P<2e-16) 3.727*** (P<2e-16) 

Field Neurology -0.093*** (P<2e-
16) 

-0.025* (P=0.046) -0.131*** (P<2e-
16) 

-0.062** (P=1.4e-
6) 

0.026* (P=3.7e-4) 0.068*** (P=4.0e-
15) 

Neuroscience 0.147*** (P<2e-16) 0.184*** (P<2e-16) 0.112*** (P<2e-16) 0.186*** (P<2e-16) -0.195*** (P<2e-
16) 

-0.122*** (P<2e-
16) 

Psychiatry 0 0 0 0 0 0 

Low-middle 
income 
country 
status 

No 0 0 0 0 0 0 

Yes -0.116** (P=1.1e-
7) 

-0.241*** (P<2e-
16) 

-0.127** (P=1.0e-
7) 

-0.237*** (P<2e-
16) 

0.071* (P=2.2e-5) 0.010 (P=0.605) 

Gender Woman 0 0 0 0 0 0 

Man -0.009 (P=0.253) -0.033* (P=0.002) -0.026* (P=0.004) -0.047* (P=5.8e-5) 0.246*** (P<2e-16) 0.248*** (P<2e-16) 

Document 
type 

Article 0 0 0 0 0 0 

Review -0.042**(P=0.001) -0.139*** (P<2e-
16) 

-0.064** (P=7.8e-
6) 

-0.143*** (P<2e-
16) 

0.152*** (P<2e-16) -0.019* (P=0.047) 

Table 2. Coefficients and P values for parametric terms in the models. Separate models were created for First and 372 
Last Authors. Models were also made for self-citation counts, self-citation rates, and the number of previously 373 
published papers. Quantile-quantile plots are presented in Figure S11. Results from 100 random resamplings are 374 
presented in Figure S12. Please note that model covariates were not included in the multiple comparisons correction 375 
in Table S11. *P<0.05, **P<1e-5, ***P<1e-10.  376 
 377 
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 378 

 379 
Figure 6. Smooth predictors for generalized additive models presented in Table 2. Models for a) First Authors and 380 
self-citation counts, b) Last Authors and self-citation counts, c) First Authors and self-citation rates, d) Last Authors 381 
and self-citation rates, e) First Authors and publication history, f) Last Authors and publication history. The number in 382 
parentheses on each y-axis reflects the effective degrees of freedom. All P values were P<2e-16 except year citing 383 
for Last Authors for the count (P=5.0e-5) and rate (P=0.176) models.  384 
 385 
Finally, our results aligned with previous findings of nearly equivalent self-citation rates for men 386 
and women after including covariates, even showing slightly higher self-citation rates in women. 387 
Since raw data showed evidence of a gender difference in self-citation that emerges early in the 388 
career but dissipates with seniority, we incorporated two interaction terms: one between gender 389 
and academic age and a second between gender and the number of previous papers. Results 390 
remained largely unchanged with the interaction terms (Table S8).  391 
 392 
2.10 Reconciling differences between raw data and models 393 
 394 
The raw and GAM-derived data exhibited some conflicting results, such as for gender and field 395 
of research. To further study covariates associated with this discrepancy, we modeled the 396 
publication history for each author (at the time of publication) in our dataset (Table 2). The 397 
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model terms included academic age, article year, journal impact factor, field, LMIC status, 398 
gender, and document type. Notably, Neuroscience was associated with the fewest number of 399 
papers per author. This explains how authors in Neuroscience could have the lowest raw self-400 
citation rates by highest self-citation rates after including covariates in a model. In addition, 401 
being a man was associated with about 0.25 more papers. Thus, gender differences in self-402 
citation likely emerged from differences in the number of papers, not in any self-citation 403 
practices.  404 
 405 
2.11 Self-citation code 406 
 407 
We provide code for authors to evaluate their own self-citation rates at the following link: 408 
https://github.com/mattrosenblatt7/self_citation. Please note that this code requires access to 409 
Scopus, which may be available through your institution. The code may also be adapted for 410 
journal editors to evaluate the author self-citation rates of published articles in their journal. 411 
Further details about the outputs of the code are described in Figure S13 and Figure S14. 412 
 413 
3. Discussion 414 
 415 
This work analyzed self-citation rates in 100,347 peer-reviewed Neurology, Neuroscience, and 416 
Psychiatry papers, with over five million total citations, to dissect the factors associated with 417 
self-citation practices.  418 
 419 
3.1 Temporal trends in self-citation rates 420 
 421 
Increasing collaborations and expanding author lists in recent years likely explains the increase 422 
in Any Author self-citation rates. A more concerning trend is the decrease in First Author relative 423 
to Last Author self-citations since 2000. In the Neurosciences, First Authors are typically early-424 
career researchers (e.g., graduate students, postdoctoral fellows) who perform the majority of 425 
the experiments and analysis, whereas Last Authors are typically professors who oversee the 426 
project and secure funding. As a result, these changes in citation practices could make it harder 427 
for early-career scientists to advance in their academic careers, warranting further investigation 428 
and monitoring. Another possible explanation is that an increasing number of early career 429 
researchers are leaving academia 29. Thus, early-career researchers may be less incentivized to 430 
self-promote (e.g., self-cite) for academic gains compared to 20 years ago. A third, more 431 
optimistic explanation is that principal investigators (typically Last Authors) are increasingly self-432 
citing their lab’s papers to build up their trainee’s citation records for an increasingly competitive 433 
job market.  434 
 435 
Differences between early- and late-career researchers’ self-citation practices is not surprising 436 
because, as one continues in their career, they contribute to more papers and are more likely to 437 
cite themselves. In addition, researchers may often become more specialized throughout their 438 
career, which may necessitate higher self-citation rates later in the career. However, these 439 
results demonstrate a “snowball effect,” whereby senior authors continually accumulate a 440 
disproportionate number of self-citations. For example, an author with 30 years of experience 441 
cites themselves approximately twice as much as one with 10 years of experience on average. 442 
Both authors have plenty of works that they can cite, and likely only a few are necessary. As 443 
such, we encourage authors to be cognizant of their citations and to avoid unnecessary self-444 
citations. 445 
 446 
 447 
 448 
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3.2 Geographic differences in self-citation rates 449 
 450 
There are several possible explanations for differences in self-citation by geographic region, 451 
including broader cultural differences or academic culture differences. For instance, an analysis 452 
of management journals previously found that self-citation rates of authors from individualist 453 
cultures were higher than that of authors from collectivist cultures 30. In addition to broader 454 
cultural norms affecting the tendency to self-cite, differences in academic norms likely play a 455 
major role as well. Researchers in the United States, for example, reported feeling more 456 
pressure to publish papers within their organizations compared to researchers from other 457 
countries31. The pressure to publish stems from pressure to advance one’s career. Similar 458 
pressures that vary by geographic region may drive researchers to unnecessarily self-cite to 459 
improve their citation metrics and make them more competitive candidates for hiring, promotion, 460 
and funding. 461 
 462 
In addition, low- and middle-income countries were associated with fewer self-citations, even 463 
after considering numerous covariates. Decreased self-citations may diminish the visibility of 464 
researchers from LMIC relative to their peers from non-LMIC. Thus, future research should 465 
explore the mechanism behind the decreased self-citations.  466 
 467 
While hiring and promotion almost universally depend on citation metrics to some extent, an 468 
example of a recent policy in Italy demonstrates how rules regarding hiring and promotion can 469 
influence self-citation behavior. This policy was introduced in 2010 and required researchers to 470 
achieve certain citation metrics for the possibility of promotion, which was followed by increases 471 
of self-citation rates throughout Italy 32. Ideally, authors, institutions, journals, and policymakers 472 
would work together to establish self-citation guidelines and discourage a “game the system” 473 
mindset. However, requiring all institutions and countries to follow similar values regarding 474 
citation metrics is not practical, so awareness of possible differences in metrics by geographic 475 
region due to self-citation differences is the next best alternative.  476 
 477 
3.3 Field differences in self-citation rates 478 
 479 
Initially, it appeared that self-citation rates in Neuroscience are lower than Neurology and 480 
Psychiatry, but after considering several covariates, the self-citation rates are higher in 481 
Neuroscience. This discrepancy likely emerges because authors in Neuroscience journals in our 482 
dataset tended to be more junior (fewer number of previous papers, slightly lower academic 483 
age) compared to Neurology and Psychiatry, giving the illusion of lower field-wide self-citation 484 
rates. The field-wide differences in self-citation rate likely depend on both necessity and 485 
opportunity. In some research fields, a researcher may need to reference several of their 486 
previous works to properly explain the methodology used in the present study, thus having a 487 
high necessity of self-citation. Depending on the nature of the work across various fields, 488 
researchers may publish more or less frequently, which will affect their number of previous 489 
works and thus their opportunity to self-cite. 490 
 491 
In addition, while not included in the model to limit the number of terms, the 13 subtopics under 492 
examination had different raw self-citation rates, and “acceptable levels'' of self-citation may 493 
vary depending on the subfield. For example, clinical trials had the highest self-citation rate, 494 
which may relate to the relatively high number of authors per paper in clinical trial research or 495 
the fact that clinical trial research often builds upon previous interventions (e.g., Phase 1 or 2 496 
trials). Overall, these field and subfield differences highlight the importance of editors and 497 
researchers understanding common self-citation rates in their specific fields to ensure that they 498 
are not unnecessarily self-citing.  499 
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3.4 Self-citation rates by gender 500 
 501 
The higher self-citation rate of men compared to women, without considering other covariates, 502 
aligns with the previous self-citation literature 7,20–22. Similar to prior works 7,21,22, we found that 503 
the largest difference in self-citing is explained by the number of previous papers (i.e., number 504 
of citable items) as opposed to differences in self-citation behavior itself. This result overall 505 
points toward a more general underrepresentation of women in science, such as in publication 506 
counts 27,28, collaboration networks 33,34, awards 35, editorial boards 36, and faculty positions 37–39. 507 
We confirmed this idea by modeling the number of previous papers for each author. Women 508 
had significantly fewer papers than men after considering multiple covariates, such as academic 509 
age. In other words, women have a lower self-citation rate than men in the Neuroscience 510 
literature because they are not given the same opportunity, such as through prior publications, 511 
to self-cite. Establishing field-wide influence and scientific prominence may be most crucial in 512 
early career stages, since soon thereafter decisions will be made about hiring, early-career 513 
grants, and promotion. Thus, future work should further consider the downstream effects of 514 
differences in the number of publications by gender. 515 
 516 
3.5 Limitations 517 
 518 
There were several notable limitations of this study. First, our analyses were restricted to the 519 
top-ranked Neurology, Neuroscience, and Psychiatry journals, and the generalizability of these 520 
findings to a wider variety of journals has yet to be determined. Citations of a journal’s articles 521 
directly affect the journal’s impact factor. As such, it is possible that the selection of journals 522 
based on high impact factor skews the results toward higher self-citation rates compared to the 523 
entire field of Neuroscience. Yet, we found minimal effect of impact factor in our models. 524 
Second, we calculated differences between Neurology, Neuroscience, and Psychiatry journals 525 
by assigning each journal to only one field (Table S1). As some journals publish across multiple 526 
fields (e.g., both Neuroscience and Psychiatry research), this categorization provides a gross 527 
estimate of differences between fields. Third, we reported averages of self-citation rates across 528 
various groups (e.g., academic ages), but there is a wide inter-author and inter-paper variability 529 
in self-citation rate. Fourth, as described above, we evaluated gender differences with gender 530 
assignment based on name, and this does not account for nonbinary, transgender, or intersex 531 
authors. Fifth, selecting subtopics using LDA was subjective because we assigned each 532 
subtopic name based on the most common words. Sixth, our modeling techniques are not 533 
useful for prediction due to the inherently large variability in self-citation rates across authors 534 
and papers, but they instead provide insight into broader trends. In addition, these models do 535 
not account for whether a specific citation is appropriate, as some situations may necessitate 536 
higher self-citation rates. Seventh, the analysis presented in this work is not causal. Association 537 
studies are advantageous for increasing sample size, but future work could investigate causality 538 
in curated datasets. Similarly, this study falls short in several potential mechanistic insights, 539 
such as by investigating citation appropriateness via text similarity or international dynamics in 540 
authors who move between countries. Yet, this study may lay the groundwork for future works 541 
to explore causal estimands 17. Eighth, authors included in this work may not be neurologists, 542 
neuroscientists, or psychiatrists. However, they still publish in journals from these fields. Ninth, 543 
data were differentially missing (Table S10) due to Scopus coverage and gender estimation. 544 
Differential missingness could bias certain results in the paper, but we hope that the dataset is 545 
large enough to reduce any potential biases. Tenth, while we considered academic age, we did 546 
not consider cohort effects. Cohort effects would depend on the year in which the individual 547 
started their career. Finally, our analysis does not account for other possible forms of excessive 548 
self-citation practices, such as coercive induced self-citation from reviewers 40. Despite these 549 
limitations, we found significant differences in self-citation rates for various groups, and thus we 550 
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encourage authors to explore their trends in self-citation rates. Self-citation rates that are higher 551 
than average are not necessarily wrong, but suggest that authors should further reflect on their 552 
current self-citation practices. 553 
 554 
3.6 Self-citation policies 555 
 556 
According to The Committee on Publication Ethics (COPE), “citations where the motivations are 557 
merely self promotional…violates publication ethics and is unethical” 41. Excessive and 558 
unnecessary self-citations can possibly be limited by using appropriate citation metrics that 559 
cannot be easily “gamed” 32,40. Furthermore, while COPE suggests that journals and editors 560 
should make policies about acceptable levels of self-citation 41, many journals have no such 561 
policy. For example, only 24.71% of General Surgery 42 and 14.29% of Critical Care 43 journals 562 
had policies regarding self-citation, most of which were policies discouraging “excessive” or 563 
“inappropriate” self-citations. Although the self-citation policies in the investigated journals had 564 
no significant effect on self-citation rate 42,43, a more appropriate consideration might be whether 565 
these policies significantly reduce excessive self-citations. Self-citation practices are not 566 
typically problematic, but excessive self-citations may falsely establish community-wide 567 
influence 44. As such, we believe that the self-citation summary statistics presented in this work 568 
could serve as a useful guide in identifying potential cases of excessive self-citation. In practice, 569 
there should be more nuance than a binary threshold of acceptable/unacceptable levels of self-570 
citation, as some fields may have atypical self-citation patterns 44 or specific articles may require 571 
high levels of self-citation.  572 
 573 
3.7 Conclusions 574 
 575 
Overall, we identified trends in self-citation rates by time, geographic region, gender, and field, 576 
though the extent to which this reflects an underlying problem that needs to be addressed 577 
remains an open question. We do not intend to argue against the practice of self-citation, which 578 
is not inherently bad and in fact can be beneficial to authors and useful scientifically 14,40. Yet, 579 
self-citation practices become problematic when they are different across groups or are used to 580 
“game the system.” Future work should investigate the downstream effects of self-citation 581 
differences to see whether they impact the career trajectories of certain groups. We hope that 582 
this work will help to raise awareness about factors influencing self-citation practices to better 583 
inform authors, editors, funding agencies, and institutions in Neurology, Neuroscience, and 584 
Psychiatry.   585 
 586 
4. Methods 587 
 588 
We collected data from the 25 journals with the highest impact factors, based on Web of 589 
Science impact factors, in each of Neurology, Neuroscience, and Psychiatry. Some journals 590 
appeared in the top 25 list of multiple fields (e.g., both Neurology and Neuroscience), so 63 591 
journals were ultimately included in our analysis. We recognize that limiting the journals to the 592 
top 25 in each field also limits the generalizability of the results. However, there are tradeoffs 593 
between breadth of journals and depth of information. For example, by limiting the journals to 594 
these 63, we were able to look at 21 years of data (2000-2020). In addition, the definition of 595 
fields are somewhat arbitrary. By restricting the journals to a set of 63 well-known journals, we 596 
ensured that the journals belonged to Neurology, Neuroscience, or Psychiatry research. It is 597 
also important to note that the impact factor of these journals has not necessarily always been 598 
high. For example, Acta Neuropathologica had an impact factor of 17.09 in 2020 but 2.45 in 599 
2000. To further recognize the effects of impact factor, we decided to include an impact factor 600 
term in our models. 601 
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4.1 Dataset collection 602 
 603 
The data were downloaded from the Scopus API in 2021-2022 via http://api.elsevier.com and 604 
http://www.scopus.com. We obtained information about research and review articles in the 63 605 
journals from 2000-2020. We downloaded two sets of .csv files: 1) an article database and 2) a 606 
reference database. For each year/journal, the article database contains last names and first 607 
initials of the authors, title, year, and article EID (a unique identifier assigned by Scopus) of all 608 
research and review articles. The reference database contains the same information for all 609 
articles referenced by any article in the article database.  610 
 611 
4.2 Python code using Pybliometrics API 612 
 613 
We used the Pybliometrics API 15 to access citation information for each entry in the article 614 
database. First, we used the article EID to retrieve a detailed author list, which included full 615 
names and Scopus Author IDs, and a list of references for each article. For each reference, we 616 
extracted the list of Scopus Author IDs. To count as a self-citation, we required that the Scopus 617 
Author IDs matched exactly. 618 
 619 
Our self-citation metrics included First Author, Last Author, and Any Author self-citation rates. 620 
For First (Last) Author self-citation rates, we computed the proportion of reference papers on 621 
which the citing First (Last) author is also an author. We considered papers with only a single 622 
author as both First Author and Last Author self-citations. For Any Author self-citation rates, we 623 
found the proportion of papers for which at least one of the citing authors (any authorship 624 
position) was also an author. For the analyses in this paper, we reported total (or weighted 625 
average) self-citation rates for different groups. For example, in Figure 1, the reported self-626 
citation rate for the year 2000 is the total number of self-citations in 2000 across all papers 627 
divided by the total number of references in 2000 across all papers. 628 
 629 
Other data we collected from Scopus and Pybliometrics included the affiliation of the authors, 630 
the number of papers published by the First and Last Authors before the current paper, and 631 
academic age of the First and Last Authors, which we defined as the time between the author’s 632 
first publication and their current publication.  633 
 634 
4.3 Data exclusions and missingness  635 
 636 
Data were excluded across several criteria: missing covariates, missing citation data, out-of-637 
range values at the citation pair level, and out-of-range values at the article level (Table 3). After 638 
downloading the data, our dataset included 157,287 articles and 8,438,733 citations. We 639 
excluded any articles with missing covariates (document type, field, year, number of authors, 640 
number of references, academic age, number of previous papers, affiliation country, gender, 641 
and journal). Of the remaining articles, we dropped any for missing citation data (e.g., cannot 642 
identify whether a self-citation is present due to lack of data). Then, we removed citations with 643 
unrealistic or extreme values. These included an academic age of less than zero or above 38/44 644 
for First/Last Authors (99th percentile); greater than 266/522 papers for First/Last Authors (99th 645 
percentile); and a cited year before 1500 or after 2023. Subsequently, we dropped articles with 646 
extreme values that could contribute to poor model stability. These included greater than 30 647 
authors; fewer than 10 references or greater than 250 references; and a time lag of greater than 648 
17 years. These values were selected to ensure that GAMs were stable and not influenced by a 649 
small number of extreme values.  650 
 651 
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In addition, we evaluated whether the data were not missing at random (Table S10). Data were 652 
more likely to be missing for reviews relative to articles, for Neurology relative to Neuroscience 653 
or Psychiatry, in works from Africa relative to the other continents, and for men relative to 654 
women. Scopus ID coverage contributed in part to differential missingness. However, our 655 
exclusion criteria also contribute. For example, Last Authors with more than 522 papers were 656 
excluded to help stabilize our GAMs. More men fit this exclusion criteria than women.  657 
 658 

 First Author Last Author 

 # Articles # Citations # Articles # Citations 

Prior to 
exclusions 

157,287 8,438,733 157,287  8,438,733 

Missing 
covariates: 
remaining (% 
dropped) 

133,403 
(15.18%) 

7,392,638 
(12.40%) 

132,806 
(15.56%) 

7,379,581 
(12.55%) 

Missing citation 
data: remaining 
(% dropped) 

133,256 (0.11%) 6,773,293 
(8.38%) 

132,667 (0.10%) 6,769,081 
(8.27%) 

Extreme values 
(citation level): 
remaining (% 
dropped) 

126,938 (4.74%) 6,390,129 
(5.66%) 

126,168 (4.90%) 6,396,015 
(5.51%) 

Extreme values 
(article level): 
remaining (% 
dropped) 

115,205 (9.24%) 5,794,926 
(9.31%) 

114,622 (9.15%) 5,801,367 
(9.30%) 

Data available 
for First and Last 
Authors 

100,347 Articles; 5,061,417 citations 

Table 3. Data exclusions. Each cell shows the number of articles or citations remaining after exclusion, as well as the 659 
percentage that were dropped by the exclusion criteria.  660 
 661 
4.4 Country affiliation 662 
 663 
For both First and Last Authors, we found the country of their institutional affiliation listed on the 664 
publication. In the case of multiple affiliations, the first one listed in Scopus was used. We then 665 
calculated the total First Author and Last Author self-citation rate by country, only including 666 
countries that had at least 50 First Author or Last Author papers in these select journals from 667 
2016-2020. We then projected the self-citation rates onto a map using Geopandas 19, 668 
specifically using the map with coordinate systems EPSG:6933 (https://epsg.io/6933). We 669 
determined whether a country was considered a low- and middle-income country based on the 670 
Organisation for Economic Co-operation and Development’s list (https://wellcome.org/grant-671 
funding/guidance/low-and-middle-income-countries).  672 
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4.5 Topic modeling 673 
 674 
Latent Dirichlet Allocation (LDA) 45,46 was implemented with the Gensim package 47 in Python. 675 
LDA is a generative probabilistic model that is commonly used in natural language processing to 676 
discover topics in a large set of documents. In LDA, each document is modeled as a distribution 677 
of latent topics, and each topic is represented as a distribution of words. Based on the data 678 
provided, in this case abstracts from all articles in our dataset from 2016-2020, the model finds 679 
distributions of topics and words to maximize the log likelihood of the documents. Further details 680 
about LDA are available in 45–47.  681 
 682 
For our implementation, we first removed all special characters and numbers from the abstract 683 
data. Then, we lemmatized the words using the Natural Language Toolkit 48. We excluded 684 
words that appeared in less than 20 documents, words that appeared in over 50% of the 685 
documents, common stop words (e.g., “the”, “you”, etc.), and some additional words that we felt 686 
would not meaningfully contribute to the topic model (e.g., “associated”, “analysis”, “effect”, 687 
etc.). In addition, we allowed for bigrams (two consecutive words) and trigrams (three 688 
consecutive words) in the model, as long as they appeared at least 20 times in the dataset.  689 
 690 
Our total corpus included 41,434 documents with 16,895 unique tokens (words + bigrams + 691 
trigrams). We used 90% of the corpus to train our LDA model, and left out 10% to evaluate the 692 
perplexity, where a lower perplexity demonstrates better performance, as described in 45. For 693 
the a-priori belief on document-topic distribution, we used Gensim’s “auto” option. We trained 694 
models with a number of topics ranging from 2-20, passing through the entire train corpus 30 695 
times for each number of topics we evaluated. The number of topics was picked based on two 696 
evaluation metrics. First, we selected 13 topics as the topics that seemed most meaningful, as 697 
assessed qualitatively by word clouds for each topic. Second, we selected seven topics as the 698 
number of topics with the lowest validation perplexity.  699 
 700 
Finally, we assigned each paper a discrete topic by choosing the topic with highest probability. 701 
Since we do not necessarily care about the generalization of this model and are instead using it 702 
to determine topics of a specific set of papers, we determined topics on the same data on which 703 
the model was trained. 704 
 705 
4.6 Name gender probability estimation 706 
 707 
To compute gender probabilities, we submitted given names of all First and Last Authors to the 708 
Genderize.io API. Each name was assigned a probability of a name belonging to a woman or 709 
man, and we only used names for which Genderize.io assigned at least an 80% probability. 710 
Details about the Genderize.io database used to calculate probabilities is available at this link: 711 
https://genderize.io/our-data.  712 
 713 
There are clear limitations to probabilistically assigning genders to names with packages such 714 
as Genderize.io, as described in 7, because they assume genders are binary and do not 715 
account for authors who identify as nonbinary, transgender, or intersex. As such, the terms 716 
“women” and “men” indicate the probability of a name being that gender and not that a specific 717 
author identifies as a man or woman. However, these tools are still useful to explore broad 718 
trends in self-citation rates for women and men. 719 
 720 
 721 
 722 
 723 
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4.7 Self-citation rate for a particular author 724 
 725 
We also calculated the self-citation rate for a particular author, in this case Dr. Dustin Scheinost, 726 
in Figure S9. Here, we defined Scheinost-Scheinost self-citation rates as the proportion of 727 
references with Dr. Scheinost as one of the authors. Notably, Dr. Scheinost can be in any 728 
author position on the citing or cited article. In Figure S9c, we calculated the Any Author self-729 
citation rate for all of Dr. Scheinost’s papers. 730 
 731 
4.8 Confidence Intervals 732 
 733 
Confidence intervals were computed with 1000 iterations of bootstrap resampling at the article 734 
level. For example, of the 100,347 articles in the dataset, we resampled articles with 735 
replacement and recomputed all results. The 95% confidence interval was reported as the 2.5 736 
and 97.5 percentiles of the bootstrapped values.  737 
 738 
We grouped data into exchangeability blocks to avoid overly narrow confidence intervals or 739 
overly optimistic statistical inference. Each exchangeability block comprised any authors who 740 
published together as a First Author / Last Author pairing in our dataset. We only considered 741 
shared First/Last Author publications because we believe that these authors primarily control 742 
self-citations, and otherwise exchangeability blocks would grow too large due to the highly 743 
collaborative nature of the field. Furthermore, the exchangeability blocks do not account for co-744 
authorship in other journals or prior to 2000. A distribution of the sizes of exchangeability blocks 745 
is presented in Figure S15.  746 
 747 
4.9 P values 748 
 749 
P values were computed with permutation testing using 10,000 permutations, with the exception 750 
of regression P values and P values from model coefficients. For comparing different fields 751 
(e.g., Neuroscience and Psychiatry) and comparing self-citation rates of men and women, the 752 
labels were randomly permuted by exchangeability block to obtain null distributions. For 753 
comparing self-citation rates between First and Last Authors, the first and last authorship was 754 
swapped in 50% of exchangeability blocks.  755 
 756 
In total, we made 40 comparisons (not including the models of self-citation). All P values 757 
described in the main text were corrected with the Benjamini/Hochberg 16 false discovery rate 758 
(FDR) correction. With 10,000 permutations, the lowest P value after applying FDR correction is 759 
P=2.9e-4, which indicates that the true point would be the most extreme in the simulated null 760 
distribution. Further details about each comparison and P values can be found in Table S9.   761 
 762 
4.10 Exploring effects of covariates with generalized additive models 763 
 764 
For these analyses, we used the full dataset size separately for First and Last Authors (Table 765 
S3). This included 115,205 articles and 5,794,926 citations for First Authors, and 114,622 766 
articles and 5,801,367 citations for Last Authors. We modeled self-citation counts, self-citation 767 
rates, and number of previous papers for First Authors and Last Authors separately, resulting in 768 
six total models.  769 
 770 
We found that models could be computationally intensive and unstable when including author-771 
level random effects because in many cases there was only one author per group. Instead, to 772 
avoid inappropriately narrow confidence bands, we resampled the dataset such that each 773 
author was only represented once. For example, if Author A had five papers in this dataset, then 774 
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one of their five papers was randomly selected. The random resampling was repeated 100 775 
times as a sensitivity analysis (Figure S12).  776 
 777 
For our models, we used generalized additive models from mgcv’s “gam” function in R 49. The 778 
smooth terms included all the continuous variables: number of previous papers, academic age, 779 
year, time lag, number of authors, number of references, and journal impact factor. The linear 780 
terms included all the categorical variables: field, gender affiliation country LMIC status, and 781 
document type. We empirically selected a Tweedie distribution 50 with a log link function and 782 
p=1.2. The p parameter indicates that the variance is proportional to the mean to the p power 49. 783 
The p parameter ranges from 1-2, with p=1 equivalent to the Poisson distribution and p=2 784 
equivalent to the gamma distribution. For all fitted models, we simulated the residuals with the 785 
DHARMa package, as standard residual plots may not be appropriate for GAMs 51. DHARMa 786 
scales the residuals between 0 and 1 with a simulation-based approach 51. We also tested for 787 
deviation from uniformity, dispersion, outliers, and zero inflation with DHARMa. Non-uniformity, 788 
dispersion, outliers, and zero inflation were significant due to the large sample size, but small in 789 
effect size in most cases. The simulated quantile-quantile plots from DHARMa suggested that 790 
the observed and simulated distributions were generally aligned, with the exception of slight 791 
misalignment in the models for the number of previous papers. These analyses are presented in 792 
Figure S11 and Table S9. 793 
 794 
In addition, we tested for inadequate basis functions using mgcv’s “gam.check()” function 49. 795 
Across all smooth predictors and models, we ultimately selected between 10-20 basis functions 796 
depending on the variable and outcome measure (counts, rates, papers). We further checked 797 
the concurvity of the models and ensured that the worst-case concurvity for all smooth 798 
predictors was less than 0.8.  799 
 800 
4.11 Journal-based vs. author-based field sensitivity analyses 801 
 802 
We refined our field-based analysis to focus only on authors who could be considered 803 

neuroscientists, neurologists, and psychiatrists. For each author, we examined the number of 804 

articles they had in each subfield, as defined by Scopus. We considered 12 subfields that fell 805 

within Neurology, Neuroscience, and Psychiatry, which are presented in Table S12. For both 806 

First Authors and Last Authors, we excluded them if any of their three most frequently published 807 

subfields did not include one of the 12 subfields of interest. If an author’s top three subfields 808 

included multiple broader fields (e.g., both Neuroscience and Psychiatry), then that author was 809 

categorized according to the field in which they published the most articles. Among First 810 

Authors, there were 86,220 remaining papers, split between 33,054 (38.33%) in Neurology, 811 

23,216 (26.93%) in Neuroscience, and 29,950 (34.73%) in Psychiatry. Among Last Authors, 812 

there were 85,954 remaining papers, split between 31,793 (36.98%) in Neurology, 25,438 813 

(29.59%) in Neuroscience, and 28,723 (33.42%) in Psychiatry. 814 

 815 
4.12 Code and Data Availability 816 
 817 
The data and code are available via GitHub: https://github.com/mattrosenblatt7/self_citation. 818 
The data were downloaded from the Scopus API in 2021-2022 via http://api.elsevier.com and 819 
http://www.scopus.com. The shared dataset has been anonymized such that specific articles 820 
cannot be identified. In addition, the GitHub repository includes code to gather self-citation data 821 
about yourself, with appropriate access to Scopus. 822 
 823 
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4.13 Citation Diversity Statement 824 
 825 
Recent work in several fields of science has identified a bias in citation practices such that 826 
papers from women and other minority scholars are under-cited relative to the number of such 827 
papers in the field 6–9,52–56. Here we sought to proactively consider choosing references that 828 
reflect the diversity of the field in thought, form of contribution, gender, race, ethnicity, and other 829 
factors. First, we obtained the predicted gender of the First and Last Author of each reference 830 
by using databases that store the probability of a first name being carried by a woman 7,57. By 831 
this measure (and excluding self-citations to the First and Last Authors of our current paper), 832 
our references contain 12.53% woman(first)/woman(last), 19.27% man/woman, 13.17% 833 
woman/man, and 55.03% man/man. This method is limited in that a) names, pronouns, and 834 
social media profiles used to construct the databases may not, in every case, be indicative of 835 
gender identity and b) it cannot account for intersex, non-binary, or transgender people. 836 
Second, we obtained predicted racial/ethnic category of the First and Last Author of each 837 
reference by databases that store the probability of a first and last name being carried by an 838 
author of color 58,59. By this measure (and excluding self-citations), our references contain 839 
7.46% author of color (first)/author of color(last), 17.45% white author/author of color, 14.81% 840 
author of color/white author, and 60.29% white author/white author. This method is limited in 841 
that a) names, Census entries, and Wikipedia profiles used to make the predictions may not be 842 
indicative of racial/ethnic identity, and b) it cannot account for Indigenous and mixed-race 843 
authors, or those who may face differential biases due to the ambiguous racialization or 844 
ethnicization of their names. We look forward to future work that could help us to better 845 
understand how to support equitable practices in science. 846 
 847 
References 848 

1. Petersen, A. M. et al. Reputation and impact in academic careers. Proc. Natl. Acad. Sci. 849 
111, 15316–15321 (2014). 850 

2. Abbott, A. et al. Do metrics matter? Many researchers believe that quantitative metrics 851 
determine who gets hired and who gets promoted at their institutions. Nature 465, 860–862 852 
(2010). 853 

3. Else, H. Row erupts over university’s use of research metrics in job-cut decisions. Nature 854 
592, 19 (2021). 855 

4. Holden, G., Rosenberg, G. & Barker, K. Bibliometrics: a potential decision making aid in 856 
hiring, reappointment, tenure and promotion decisions. Soc. Work Health Care 41, 67–92 857 
(2005). 858 

5. Van Noorden, R. Brazilian citation scheme outed. Nature 500, 510–511 (2013). 859 
6. Bertolero, M. A. et al. Racial and ethnic imbalance in neuroscience reference lists and 860 

intersections with gender. bioRxiv 2020.10.12.336230 (2020) 861 
doi:10.1101/2020.10.12.336230. 862 

7. Dworkin, J. D. et al. The extent and drivers of gender imbalance in neuroscience reference 863 
lists. Nat. Neurosci. 23, 918–926 (2020). 864 

8. Chatterjee, P. & Werner, R. M. Gender Disparity in Citations in High-Impact Journal 865 
Articles. JAMA Network Open vol. 4 e2114509 Preprint at 866 
https://doi.org/10.1001/jamanetworkopen.2021.14509 (2021). 867 

9. Fulvio, J. M., Akinnola, I. & Postle, B. R. Gender (Im)balance in Citation Practices in 868 
Cognitive Neuroscience. Journal of Cognitive Neuroscience vol. 33 3–7 Preprint at 869 
https://doi.org/10.1162/jocn_a_01643 (2021). 870 

10. Ioannidis, J. P. A., Baas, J., Klavans, R. & Boyack, K. W. A standardized citation metrics 871 
author database annotated for scientific field. PLoS Biol. 17, e3000384 (2019). 872 

11. Aksnes, D. W. A macro study of self-citation. Scientometrics 56, 235–246 (2003). 873 

.CC-BY-ND 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted April 10, 2025. ; https://doi.org/10.1101/2022.09.27.509533doi: bioRxiv preprint 

https://paperpile.com/c/AJi8iy/sz3Zv+UOt7q+BwQ7P+iKBat+FcpPi+FRKCo+wcQQZ+gxgo1+lIYzI
https://paperpile.com/c/AJi8iy/FcpPi+9raQD
https://paperpile.com/c/AJi8iy/S57lA+0nIOf
http://paperpile.com/b/AJi8iy/DTLcB
http://paperpile.com/b/AJi8iy/DTLcB
http://paperpile.com/b/AJi8iy/DTLcB
http://paperpile.com/b/AJi8iy/DTLcB
http://paperpile.com/b/AJi8iy/DTLcB
http://paperpile.com/b/AJi8iy/DTLcB
http://paperpile.com/b/AJi8iy/DTLcB
http://paperpile.com/b/AJi8iy/DTLcB
http://paperpile.com/b/AJi8iy/eyzpn
http://paperpile.com/b/AJi8iy/eyzpn
http://paperpile.com/b/AJi8iy/eyzpn
http://paperpile.com/b/AJi8iy/eyzpn
http://paperpile.com/b/AJi8iy/eyzpn
http://paperpile.com/b/AJi8iy/eyzpn
http://paperpile.com/b/AJi8iy/eyzpn
http://paperpile.com/b/AJi8iy/eyzpn
http://paperpile.com/b/AJi8iy/eyzpn
http://paperpile.com/b/AJi8iy/FaFWk
http://paperpile.com/b/AJi8iy/FaFWk
http://paperpile.com/b/AJi8iy/FaFWk
http://paperpile.com/b/AJi8iy/FaFWk
http://paperpile.com/b/AJi8iy/FaFWk
http://paperpile.com/b/AJi8iy/FaFWk
http://paperpile.com/b/AJi8iy/VvHZ2
http://paperpile.com/b/AJi8iy/VvHZ2
http://paperpile.com/b/AJi8iy/VvHZ2
http://paperpile.com/b/AJi8iy/VvHZ2
http://paperpile.com/b/AJi8iy/VvHZ2
http://paperpile.com/b/AJi8iy/VvHZ2
http://paperpile.com/b/AJi8iy/VvHZ2
http://paperpile.com/b/AJi8iy/IZqO9
http://paperpile.com/b/AJi8iy/IZqO9
http://paperpile.com/b/AJi8iy/IZqO9
http://paperpile.com/b/AJi8iy/IZqO9
http://paperpile.com/b/AJi8iy/IZqO9
http://paperpile.com/b/AJi8iy/FRKCo
http://paperpile.com/b/AJi8iy/FRKCo
http://paperpile.com/b/AJi8iy/FRKCo
http://paperpile.com/b/AJi8iy/FRKCo
http://paperpile.com/b/AJi8iy/FRKCo
http://paperpile.com/b/AJi8iy/FRKCo
http://paperpile.com/b/AJi8iy/FRKCo
http://dx.doi.org/10.1101/2020.10.12.336230
http://paperpile.com/b/AJi8iy/FRKCo
http://paperpile.com/b/AJi8iy/FcpPi
http://paperpile.com/b/AJi8iy/FcpPi
http://paperpile.com/b/AJi8iy/FcpPi
http://paperpile.com/b/AJi8iy/FcpPi
http://paperpile.com/b/AJi8iy/FcpPi
http://paperpile.com/b/AJi8iy/FcpPi
http://paperpile.com/b/AJi8iy/FcpPi
http://paperpile.com/b/AJi8iy/FcpPi
http://paperpile.com/b/AJi8iy/gxgo1
http://paperpile.com/b/AJi8iy/gxgo1
http://paperpile.com/b/AJi8iy/gxgo1
http://paperpile.com/b/AJi8iy/gxgo1
http://paperpile.com/b/AJi8iy/gxgo1
http://dx.doi.org/10.1001/jamanetworkopen.2021.14509
http://paperpile.com/b/AJi8iy/gxgo1
http://paperpile.com/b/AJi8iy/lIYzI
http://paperpile.com/b/AJi8iy/lIYzI
http://paperpile.com/b/AJi8iy/lIYzI
http://paperpile.com/b/AJi8iy/lIYzI
http://paperpile.com/b/AJi8iy/lIYzI
http://dx.doi.org/10.1162/jocn_a_01643
http://paperpile.com/b/AJi8iy/lIYzI
http://paperpile.com/b/AJi8iy/QDqnE
http://paperpile.com/b/AJi8iy/QDqnE
http://paperpile.com/b/AJi8iy/QDqnE
http://paperpile.com/b/AJi8iy/QDqnE
http://paperpile.com/b/AJi8iy/QDqnE
http://paperpile.com/b/AJi8iy/QDqnE
http://paperpile.com/b/AJi8iy/GzCq7
http://paperpile.com/b/AJi8iy/GzCq7
http://paperpile.com/b/AJi8iy/GzCq7
http://paperpile.com/b/AJi8iy/GzCq7
http://paperpile.com/b/AJi8iy/GzCq7
https://doi.org/10.1101/2022.09.27.509533
http://creativecommons.org/licenses/by-nd/4.0/


23 
 

12. Snyder, H. & Bonzi, S. Patterns of self-citation across disciplines (1980-1989). J. Inf. Sci. 874 
Eng. 24, 431–435 (1998). 875 

13. Bartneck, C. & Kokkelmans, S. Detecting h-index manipulation through self-citation 876 
analysis. Scientometrics 87, 85–98 (2011). 877 

14. Fowler, J. H. & Aksnes, D. W. Does self-citation pay? Scientometrics 72, 427–437 (2007). 878 
15. Rose, M. E. & Kitchin, J. R. pybliometrics: Scriptable bibliometrics using a Python interface 879 

to Scopus. SoftwareX 10, 100263 (2019). 880 
16. Benjamini, Y. & Hochberg, Y. Controlling the False Discovery Rate: A Practical and 881 

Powerful Approach to Multiple Testing. J. R. Stat. Soc. Series B Stat. Methodol. 57, 289–882 
300 (1995). 883 

17. Lundberg, I., Johnson, R. & Stewart, B. M. What is your estimand? Defining the target 884 
quantity connects statistical evidence to theory. Am. Sociol. Rev. 86, 532–565 (2021). 885 

18. Bardeesi, A. M., Jamjoom, A. A. B., Sharab, M. A. & Jamjoom, A. B. Impact of country self 886 
citation on the ranking of the top 50 countries in clinical neurology. eNeurologicalSci 23, 887 
100333 (2021). 888 

19. Jordahl, K. et al. Geopandas/geopandas: v0.8.1. (2020). doi:10.5281/zenodo.3946761. 889 
20. King, M. M., Bergstrom, C. T., Correll, S. J., Jacquet, J. & West, J. D. Men Set Their Own 890 

Cites High: Gender and Self-citation across Fields and over Time. Socius 3, 891 
2378023117738903 (2017). 892 

21. Mishra, S., Fegley, B. D., Diesner, J. & Torvik, V. I. Self-citation is the hallmark of 893 
productive authors, of any gender. PLoS One 13, e0195773 (2018). 894 

22. Azoulay, P. & Lynn, F. Self-Citation, Cumulative Advantage, and Gender Inequality in 895 
Science. Preprint at https://doi.org/10.3386/w26893 (2020). 896 

23. Ginther, D. K. & Hayes, K. J. Gender Differences in Salary and Promotion in the 897 
Humanities. Am. Econ. Rev. 89, 397–402 (1999). 898 

24. Deutsch, F. M. & Yao, B. Gender differences in faculty attrition in the USA. Community 899 
Work Fam. 17, 392–408 (2014). 900 

25. Li, B. et al. Gender differences in faculty rank among academic physicians: a systematic 901 
review and meta-analysis. BMJ Open 11, e050322 (2021). 902 

26. Casad, B. J. et al. Gender inequality in academia: Problems and solutions for women 903 
faculty in STEM. J. Neurosci. Res. 99, 13–23 (2021). 904 

27. Larivière, V., Ni, C., Gingras, Y., Cronin, B. & Sugimoto, C. R. Bibliometrics: global gender 905 
disparities in science. Nature 504, 211–213 (2013). 906 

28. West, J. D., Jacquet, J., King, M. M., Correll, S. J. & Bergstrom, C. T. The role of gender in 907 
scholarly authorship. PLoS One 8, e66212 (2013). 908 

29. Langin, K. As professors struggle to recruit postdocs, calls for structural change in 909 
academia intensify. Science (2022) doi:10.1126/science.caredit.add4693. 910 

30. Deschacht, N. & Maes, B. Cross-cultural differences in self-promotion: A study of self-911 
citations in management journals. Journal of Occupational and Organizational Psychology 912 
vol. 90 77–94 Preprint at https://doi.org/10.1111/joop.12162 (2017). 913 

31. van Dalen, H. P. & Henkens, K. Intended and unintended consequences of a publish‐or‐914 
perish culture: A worldwide survey. J. Am. Soc. Inf. Sci. Technol. 63, 1282–1293 (2012). 915 

32. Seeber, M., Cattaneo, M., Meoli, M. & Malighetti, P. Self-citations as strategic response to 916 
the use of metrics for career decisions. Res. Policy 48, 478–491 (2019). 917 

33. Zeng, X. H. T. et al. Differences in Collaboration Patterns across Discipline, Career Stage, 918 
and Gender. PLoS Biol. 14, e1002573 (2016). 919 

34. Li, W., Zhang, S., Zheng, Z., Cranmer, S. J. & Clauset, A. Untangling the network effects of 920 
productivity and prominence among scientists. Nat. Commun. 13, 4907 (2022). 921 

35. Melnikoff, D. E. & Valian, V. V. Gender Disparities in Awards to Neuroscience Researchers. 922 
Arch Sci Psychol 7, 4–11 (2019). 923 

36. Palser, E. R., Lazerwitz, M. & Fotopoulou, A. Gender and geographical disparity in editorial 924 

.CC-BY-ND 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted April 10, 2025. ; https://doi.org/10.1101/2022.09.27.509533doi: bioRxiv preprint 

http://paperpile.com/b/AJi8iy/gQssK
http://paperpile.com/b/AJi8iy/gQssK
http://paperpile.com/b/AJi8iy/gQssK
http://paperpile.com/b/AJi8iy/gQssK
http://paperpile.com/b/AJi8iy/gQssK
http://paperpile.com/b/AJi8iy/gQssK
http://paperpile.com/b/AJi8iy/sFfFi
http://paperpile.com/b/AJi8iy/sFfFi
http://paperpile.com/b/AJi8iy/sFfFi
http://paperpile.com/b/AJi8iy/sFfFi
http://paperpile.com/b/AJi8iy/sFfFi
http://paperpile.com/b/AJi8iy/sFfFi
http://paperpile.com/b/AJi8iy/NUOt3
http://paperpile.com/b/AJi8iy/NUOt3
http://paperpile.com/b/AJi8iy/NUOt3
http://paperpile.com/b/AJi8iy/NUOt3
http://paperpile.com/b/AJi8iy/NUOt3
http://paperpile.com/b/AJi8iy/fiePJ
http://paperpile.com/b/AJi8iy/fiePJ
http://paperpile.com/b/AJi8iy/fiePJ
http://paperpile.com/b/AJi8iy/fiePJ
http://paperpile.com/b/AJi8iy/fiePJ
http://paperpile.com/b/AJi8iy/fiePJ
http://paperpile.com/b/AJi8iy/Pib2W
http://paperpile.com/b/AJi8iy/Pib2W
http://paperpile.com/b/AJi8iy/Pib2W
http://paperpile.com/b/AJi8iy/Pib2W
http://paperpile.com/b/AJi8iy/Pib2W
http://paperpile.com/b/AJi8iy/Pib2W
http://paperpile.com/b/AJi8iy/Pib2W
http://paperpile.com/b/AJi8iy/mTBF
http://paperpile.com/b/AJi8iy/mTBF
http://paperpile.com/b/AJi8iy/mTBF
http://paperpile.com/b/AJi8iy/mTBF
http://paperpile.com/b/AJi8iy/mTBF
http://paperpile.com/b/AJi8iy/mTBF
http://paperpile.com/b/AJi8iy/FQFAb
http://paperpile.com/b/AJi8iy/FQFAb
http://paperpile.com/b/AJi8iy/FQFAb
http://paperpile.com/b/AJi8iy/FQFAb
http://paperpile.com/b/AJi8iy/FQFAb
http://paperpile.com/b/AJi8iy/FQFAb
http://paperpile.com/b/AJi8iy/FQFAb
http://paperpile.com/b/AJi8iy/jkfEX
http://paperpile.com/b/AJi8iy/jkfEX
http://paperpile.com/b/AJi8iy/jkfEX
http://paperpile.com/b/AJi8iy/jkfEX
http://paperpile.com/b/AJi8iy/jkfEX
http://dx.doi.org/10.5281/zenodo.3946761
http://paperpile.com/b/AJi8iy/jkfEX
http://paperpile.com/b/AJi8iy/5yHYF
http://paperpile.com/b/AJi8iy/5yHYF
http://paperpile.com/b/AJi8iy/5yHYF
http://paperpile.com/b/AJi8iy/5yHYF
http://paperpile.com/b/AJi8iy/5yHYF
http://paperpile.com/b/AJi8iy/5yHYF
http://paperpile.com/b/AJi8iy/5yHYF
http://paperpile.com/b/AJi8iy/FxMV6
http://paperpile.com/b/AJi8iy/FxMV6
http://paperpile.com/b/AJi8iy/FxMV6
http://paperpile.com/b/AJi8iy/FxMV6
http://paperpile.com/b/AJi8iy/FxMV6
http://paperpile.com/b/AJi8iy/FxMV6
http://paperpile.com/b/AJi8iy/gq9Gr
http://paperpile.com/b/AJi8iy/gq9Gr
http://dx.doi.org/10.3386/w26893
http://paperpile.com/b/AJi8iy/gq9Gr
http://paperpile.com/b/AJi8iy/Iu9EW
http://paperpile.com/b/AJi8iy/Iu9EW
http://paperpile.com/b/AJi8iy/Iu9EW
http://paperpile.com/b/AJi8iy/Iu9EW
http://paperpile.com/b/AJi8iy/Iu9EW
http://paperpile.com/b/AJi8iy/Iu9EW
http://paperpile.com/b/AJi8iy/BWO72
http://paperpile.com/b/AJi8iy/BWO72
http://paperpile.com/b/AJi8iy/BWO72
http://paperpile.com/b/AJi8iy/BWO72
http://paperpile.com/b/AJi8iy/BWO72
http://paperpile.com/b/AJi8iy/BWO72
http://paperpile.com/b/AJi8iy/NGzxS
http://paperpile.com/b/AJi8iy/NGzxS
http://paperpile.com/b/AJi8iy/NGzxS
http://paperpile.com/b/AJi8iy/NGzxS
http://paperpile.com/b/AJi8iy/NGzxS
http://paperpile.com/b/AJi8iy/NGzxS
http://paperpile.com/b/AJi8iy/NGzxS
http://paperpile.com/b/AJi8iy/NGzxS
http://paperpile.com/b/AJi8iy/ek7tC
http://paperpile.com/b/AJi8iy/ek7tC
http://paperpile.com/b/AJi8iy/ek7tC
http://paperpile.com/b/AJi8iy/ek7tC
http://paperpile.com/b/AJi8iy/ek7tC
http://paperpile.com/b/AJi8iy/ek7tC
http://paperpile.com/b/AJi8iy/ek7tC
http://paperpile.com/b/AJi8iy/ek7tC
http://paperpile.com/b/AJi8iy/TfO6a
http://paperpile.com/b/AJi8iy/TfO6a
http://paperpile.com/b/AJi8iy/TfO6a
http://paperpile.com/b/AJi8iy/TfO6a
http://paperpile.com/b/AJi8iy/TfO6a
http://paperpile.com/b/AJi8iy/TfO6a
http://paperpile.com/b/AJi8iy/CTlSS
http://paperpile.com/b/AJi8iy/CTlSS
http://paperpile.com/b/AJi8iy/CTlSS
http://paperpile.com/b/AJi8iy/CTlSS
http://paperpile.com/b/AJi8iy/CTlSS
http://paperpile.com/b/AJi8iy/CTlSS
http://paperpile.com/b/AJi8iy/2VuDA
http://paperpile.com/b/AJi8iy/2VuDA
http://paperpile.com/b/AJi8iy/2VuDA
http://paperpile.com/b/AJi8iy/2VuDA
http://dx.doi.org/10.1126/science.caredit.add4693
http://paperpile.com/b/AJi8iy/2VuDA
http://paperpile.com/b/AJi8iy/0DAx6
http://paperpile.com/b/AJi8iy/0DAx6
http://paperpile.com/b/AJi8iy/0DAx6
http://paperpile.com/b/AJi8iy/0DAx6
http://paperpile.com/b/AJi8iy/0DAx6
http://dx.doi.org/10.1111/joop.12162
http://paperpile.com/b/AJi8iy/0DAx6
http://paperpile.com/b/AJi8iy/VJGDu
http://paperpile.com/b/AJi8iy/VJGDu
http://paperpile.com/b/AJi8iy/VJGDu
http://paperpile.com/b/AJi8iy/VJGDu
http://paperpile.com/b/AJi8iy/VJGDu
http://paperpile.com/b/AJi8iy/VJGDu
http://paperpile.com/b/AJi8iy/KfihX
http://paperpile.com/b/AJi8iy/KfihX
http://paperpile.com/b/AJi8iy/KfihX
http://paperpile.com/b/AJi8iy/KfihX
http://paperpile.com/b/AJi8iy/KfihX
http://paperpile.com/b/AJi8iy/KfihX
http://paperpile.com/b/AJi8iy/kr7ga
http://paperpile.com/b/AJi8iy/kr7ga
http://paperpile.com/b/AJi8iy/kr7ga
http://paperpile.com/b/AJi8iy/kr7ga
http://paperpile.com/b/AJi8iy/kr7ga
http://paperpile.com/b/AJi8iy/kr7ga
http://paperpile.com/b/AJi8iy/kr7ga
http://paperpile.com/b/AJi8iy/kr7ga
http://paperpile.com/b/AJi8iy/ILTUk
http://paperpile.com/b/AJi8iy/ILTUk
http://paperpile.com/b/AJi8iy/ILTUk
http://paperpile.com/b/AJi8iy/ILTUk
http://paperpile.com/b/AJi8iy/ILTUk
http://paperpile.com/b/AJi8iy/ILTUk
http://paperpile.com/b/AJi8iy/3P5eU
http://paperpile.com/b/AJi8iy/3P5eU
http://paperpile.com/b/AJi8iy/3P5eU
http://paperpile.com/b/AJi8iy/3P5eU
http://paperpile.com/b/AJi8iy/3P5eU
http://paperpile.com/b/AJi8iy/3P5eU
http://paperpile.com/b/AJi8iy/EJIFa
https://doi.org/10.1101/2022.09.27.509533
http://creativecommons.org/licenses/by-nd/4.0/


24 
 

boards of journals in psychology and neuroscience. Nat. Neurosci. 25, 272–279 (2022). 925 
37. Smith, D. O. Gender disparity in the academic pipeline: women in neuroscience. Synapse 926 

14, 332–334 (1993). 927 
38. Nguyen, A. X. et al. Gender Gap in Neurology Research Authorship (1946–2020). Front. 928 

Neurol. 12, (2021). 929 
39. Wapman, K. H., Zhang, S., Clauset, A. & Larremore, D. B. Quantifying hierarchy and 930 

dynamics in US faculty hiring and retention. Nature 610, 120–127 (2022). 931 
40. Ioannidis, J. P. A. A generalized view of self-citation: direct, co-author, collaborative, and 932 

coercive induced self-citation. J. Psychosom. Res. 78, 7–11 (2015). 933 
41. COPE Council. COPE Discussion Document: Citation Manipulation. 934 

http://dx.doi.org/10.24318/cope.2019.3.1 (2019) doi:10.24318/cope.2019.3.1. 935 
42. Sanfilippo, F. et al. Author self-citation policies, the influence on journals’ impact factors, 936 

and self-citation rate in general surgery. European Surgery vol. 53 329–334 Preprint at 937 
https://doi.org/10.1007/s10353-021-00732-w (2021). 938 

43. Sanfilippo, F., Tigano, S., Morgana, A., Murabito, P. & Astuto, M. Self-citation policies and 939 
journal self-citation rate among Critical Care Medicine journals. J. Intensive Care Med. 9, 940 
15 (2021). 941 

44. Szomszor, M., Pendlebury, D. A. & Adams, J. How much is too much? The difference 942 
between research influence and self-citation excess. Scientometrics 123, 1119–1147 943 
(2020). 944 

45. Blei, D. M., Ng, A. Y. & Jordan, M. I. Latent dirichlet allocation. J. Mach. Learn. Res. 3, 945 
993–1022 (2003). 946 

46. Hoffman, M., Bach, F. & Blei, D. M. Online learning for latent dirichlet allocation. Adv. 947 
Neural Inf. Process. Syst. 23, 856–864 (2010). 948 

47. Rehurek, R. & Sojka, P. Software Framework for Topic Modelling with Large Corpora. in 949 
Proceedings of the LREC 2010 Workshop on New Challenges for NLP Frameworks (2010). 950 
doi:10.1.1.695.4595. 951 

48. Bird, S., Klein, E. & Loper, E. Natural Language Processing with Python: Analyzing Text 952 
with the Natural Language Toolkit. (‘O’Reilly Media, Inc.’, 2009). 953 

49. Wood, S. N. Generalized Additive Models: An Introduction with R. Preprint at (2017). 954 
50. Dunn, P. K. & Smyth, G. K. Series evaluation of Tweedie exponential dispersion model 955 

densities. Stat. Comput. 15, 267–280 (2005). 956 
51. Hartig, F. DHARMa: Residual Diagnostics for Hierarchical (Multi-Level / Mixed) Regression 957 

Models. Preprint at http://florianhartig.github.io/DHARMa/ (2022). 958 
52. Mitchell, S. M., Lange, S. & Brus, H. Gendered citation patterns in international relations 959 

journals. International Studies Perspectives 14, 485–492 (2013). 960 
53. Maliniak, D., Powers, R. & Walter, B. F. The Gender Citation Gap in International Relations. 961 

International Organization vol. 67 889–922 Preprint at 962 
https://doi.org/10.1017/s0020818313000209 (2013). 963 

54. Caplar, N., Tacchella, S. & Birrer, S. Quantitative evaluation of gender bias in astronomical 964 
publications from citation counts. Nature Astronomy 1, 1–5 (2017). 965 

55. Dion, M. L., Sumner, J. L. & Mitchell, S. M. Gendered Citation Patterns across Political 966 
Science and Social Science Methodology Fields. Political Analysis vol. 26 312–327 Preprint 967 
at https://doi.org/10.1017/pan.2018.12 (2018). 968 

56. Wang, X. et al. Gendered Citation Practices in the Field of Communication. Ann Int 969 
Commun Assoc 45, 134–153 (2021). 970 

57. Zhou, D., Cornblath, E. J., Stiso, J., Teich, E. G. & Dworkin, J. D. Gender diversity 971 
statement and code notebook v1. 0. Zenodo (2020) doi:10.5281/zenodo.3672110. 972 

58. Ambekar, A., Ward, C., Mohammed, J., Male, S. & Skiena, S. Name-ethnicity classification 973 
from open sources. in Proceedings of the 15th ACM SIGKDD international conference on 974 
Knowledge discovery and data mining 49–58 (Association for Computing Machinery, New 975 

.CC-BY-ND 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted April 10, 2025. ; https://doi.org/10.1101/2022.09.27.509533doi: bioRxiv preprint 

http://paperpile.com/b/AJi8iy/EJIFa
http://paperpile.com/b/AJi8iy/EJIFa
http://paperpile.com/b/AJi8iy/EJIFa
http://paperpile.com/b/AJi8iy/EJIFa
http://paperpile.com/b/AJi8iy/EJIFa
http://paperpile.com/b/AJi8iy/fL1xS
http://paperpile.com/b/AJi8iy/fL1xS
http://paperpile.com/b/AJi8iy/fL1xS
http://paperpile.com/b/AJi8iy/fL1xS
http://paperpile.com/b/AJi8iy/fL1xS
http://paperpile.com/b/AJi8iy/fL1xS
http://paperpile.com/b/AJi8iy/n6ghe
http://paperpile.com/b/AJi8iy/n6ghe
http://paperpile.com/b/AJi8iy/n6ghe
http://paperpile.com/b/AJi8iy/n6ghe
http://paperpile.com/b/AJi8iy/n6ghe
http://paperpile.com/b/AJi8iy/n6ghe
http://paperpile.com/b/AJi8iy/n6ghe
http://paperpile.com/b/AJi8iy/n6ghe
http://paperpile.com/b/AJi8iy/OUJ93
http://paperpile.com/b/AJi8iy/OUJ93
http://paperpile.com/b/AJi8iy/OUJ93
http://paperpile.com/b/AJi8iy/OUJ93
http://paperpile.com/b/AJi8iy/OUJ93
http://paperpile.com/b/AJi8iy/OUJ93
http://paperpile.com/b/AJi8iy/u9coF
http://paperpile.com/b/AJi8iy/u9coF
http://paperpile.com/b/AJi8iy/u9coF
http://paperpile.com/b/AJi8iy/u9coF
http://paperpile.com/b/AJi8iy/u9coF
http://paperpile.com/b/AJi8iy/u9coF
http://paperpile.com/b/AJi8iy/kt4ef
http://paperpile.com/b/AJi8iy/kt4ef
http://paperpile.com/b/AJi8iy/kt4ef
http://paperpile.com/b/AJi8iy/kt4ef
http://dx.doi.org/10.24318/cope.2019.3.1
http://paperpile.com/b/AJi8iy/kt4ef
http://dx.doi.org/10.24318/cope.2019.3.1
http://paperpile.com/b/AJi8iy/kt4ef
http://paperpile.com/b/AJi8iy/ayCBF
http://paperpile.com/b/AJi8iy/ayCBF
http://paperpile.com/b/AJi8iy/ayCBF
http://paperpile.com/b/AJi8iy/ayCBF
http://paperpile.com/b/AJi8iy/ayCBF
http://paperpile.com/b/AJi8iy/ayCBF
http://paperpile.com/b/AJi8iy/ayCBF
http://dx.doi.org/10.1007/s10353-021-00732-w
http://paperpile.com/b/AJi8iy/ayCBF
http://paperpile.com/b/AJi8iy/CmqW7
http://paperpile.com/b/AJi8iy/CmqW7
http://paperpile.com/b/AJi8iy/CmqW7
http://paperpile.com/b/AJi8iy/CmqW7
http://paperpile.com/b/AJi8iy/CmqW7
http://paperpile.com/b/AJi8iy/CmqW7
http://paperpile.com/b/AJi8iy/CmqW7
http://paperpile.com/b/AJi8iy/cyinQ
http://paperpile.com/b/AJi8iy/cyinQ
http://paperpile.com/b/AJi8iy/cyinQ
http://paperpile.com/b/AJi8iy/cyinQ
http://paperpile.com/b/AJi8iy/cyinQ
http://paperpile.com/b/AJi8iy/cyinQ
http://paperpile.com/b/AJi8iy/cyinQ
http://paperpile.com/b/AJi8iy/xPvIg
http://paperpile.com/b/AJi8iy/xPvIg
http://paperpile.com/b/AJi8iy/xPvIg
http://paperpile.com/b/AJi8iy/xPvIg
http://paperpile.com/b/AJi8iy/xPvIg
http://paperpile.com/b/AJi8iy/xPvIg
http://paperpile.com/b/AJi8iy/lgyuJ
http://paperpile.com/b/AJi8iy/lgyuJ
http://paperpile.com/b/AJi8iy/lgyuJ
http://paperpile.com/b/AJi8iy/lgyuJ
http://paperpile.com/b/AJi8iy/lgyuJ
http://paperpile.com/b/AJi8iy/lgyuJ
http://paperpile.com/b/AJi8iy/vAuAF
http://paperpile.com/b/AJi8iy/vAuAF
http://paperpile.com/b/AJi8iy/vAuAF
http://paperpile.com/b/AJi8iy/vAuAF
http://paperpile.com/b/AJi8iy/vAuAF
http://dx.doi.org/10.1.1.695.4595
http://paperpile.com/b/AJi8iy/vAuAF
http://paperpile.com/b/AJi8iy/I3LNq
http://paperpile.com/b/AJi8iy/I3LNq
http://paperpile.com/b/AJi8iy/I3LNq
http://paperpile.com/b/AJi8iy/I3LNq
http://paperpile.com/b/AJi8iy/0bqYD
http://paperpile.com/b/AJi8iy/nHCcC
http://paperpile.com/b/AJi8iy/nHCcC
http://paperpile.com/b/AJi8iy/nHCcC
http://paperpile.com/b/AJi8iy/nHCcC
http://paperpile.com/b/AJi8iy/nHCcC
http://paperpile.com/b/AJi8iy/nHCcC
http://paperpile.com/b/AJi8iy/iVDT1
http://paperpile.com/b/AJi8iy/iVDT1
http://florianhartig.github.io/DHARMa/
http://paperpile.com/b/AJi8iy/iVDT1
http://paperpile.com/b/AJi8iy/sz3Zv
http://paperpile.com/b/AJi8iy/sz3Zv
http://paperpile.com/b/AJi8iy/sz3Zv
http://paperpile.com/b/AJi8iy/sz3Zv
http://paperpile.com/b/AJi8iy/sz3Zv
http://paperpile.com/b/AJi8iy/sz3Zv
http://paperpile.com/b/AJi8iy/UOt7q
http://paperpile.com/b/AJi8iy/UOt7q
http://paperpile.com/b/AJi8iy/UOt7q
http://paperpile.com/b/AJi8iy/UOt7q
http://paperpile.com/b/AJi8iy/UOt7q
http://dx.doi.org/10.1017/s0020818313000209
http://paperpile.com/b/AJi8iy/UOt7q
http://paperpile.com/b/AJi8iy/BwQ7P
http://paperpile.com/b/AJi8iy/BwQ7P
http://paperpile.com/b/AJi8iy/BwQ7P
http://paperpile.com/b/AJi8iy/BwQ7P
http://paperpile.com/b/AJi8iy/BwQ7P
http://paperpile.com/b/AJi8iy/BwQ7P
http://paperpile.com/b/AJi8iy/iKBat
http://paperpile.com/b/AJi8iy/iKBat
http://paperpile.com/b/AJi8iy/iKBat
http://paperpile.com/b/AJi8iy/iKBat
http://paperpile.com/b/AJi8iy/iKBat
http://dx.doi.org/10.1017/pan.2018.12
http://paperpile.com/b/AJi8iy/iKBat
http://paperpile.com/b/AJi8iy/wcQQZ
http://paperpile.com/b/AJi8iy/wcQQZ
http://paperpile.com/b/AJi8iy/wcQQZ
http://paperpile.com/b/AJi8iy/wcQQZ
http://paperpile.com/b/AJi8iy/wcQQZ
http://paperpile.com/b/AJi8iy/wcQQZ
http://paperpile.com/b/AJi8iy/wcQQZ
http://paperpile.com/b/AJi8iy/wcQQZ
http://paperpile.com/b/AJi8iy/9raQD
http://paperpile.com/b/AJi8iy/9raQD
http://paperpile.com/b/AJi8iy/9raQD
http://paperpile.com/b/AJi8iy/9raQD
http://dx.doi.org/10.5281/zenodo.3672110
http://paperpile.com/b/AJi8iy/9raQD
http://paperpile.com/b/AJi8iy/S57lA
http://paperpile.com/b/AJi8iy/S57lA
http://paperpile.com/b/AJi8iy/S57lA
http://paperpile.com/b/AJi8iy/S57lA
http://paperpile.com/b/AJi8iy/S57lA
https://doi.org/10.1101/2022.09.27.509533
http://creativecommons.org/licenses/by-nd/4.0/


25 
 

York, NY, USA, 2009). doi:10.1145/1557019.1557032. 976 
59. Sood, G. & Laohaprapanon, S. Predicting Race and Ethnicity From the Sequence of 977 

Characters in a Name. arXiv [stat.AP] (2018) doi:10.48550/arXiv.1805.02109. 978 

Supplementary Information 979 
 980 
S1. All journals included in these analyses 981 
 982 
Table S1 shows all 63 journals included in our dataset. We categorized each journal as 983 
belonging to Neurology, Neuroscience, or Psychiatry. While we recognize that some journals 984 
belong to overlapping fields (e.g., Neurology and Neuroscience), we attempted to select the 985 
most relevant field for each journal. 986 
 987 

Field Journals (2020 Impact Factor) 

Neurology Acta Neuropathologica (17.09); Alzheimer's and Dementia (21.57); Alzheimer's 
Research and Therapy (6.98); Annals of Neurology (10.42); Brain (13.50); Brain 
Stimulation (8.96); Epilepsy Currents (7.5); JAMA Neurology (18.30); JNNP 
(10.28); Journal of Headache and Pain (7.28); Journal of Stroke (6.97); Lancet 
Neurology (44.18); Molecular Neurodegeneration (14.20); Movement Disorders 
(10.34); Nature Reviews Neurology (42.94); Neuro-Oncology (12.30); Neurology 
(9.91); Neurology: Neuroimmunology and NeuroInflammation (8.49); 
Neuropathology and Applied Neurobiology (8.09); Neurotherapeutics (7.62); npj 
Parkinson's Disease (8.65); Pain (6.96); Sleep Medicine Reviews (11.61); Stroke 
(7.91); Translational Stroke Research (6.83) 

Neuroscience Annual Review of Neuroscience (12.45); Behavioral and Brain Sciences (12.58); 
Brain, Behavior, and Immunity (7.22); Frontiers in Neuroendocrinology (8.61); 
Journal of Neuroinflammation (8.32); Journal of Pineal Research (13.01); Nature 
Human Behaviour (13.66); Nature Neuroscience (24.88); Nature Reviews 
Neuroscience (34.87); Neuron (17.17); Neuroscience and Biobehavioral Reviews 
(8.99); Neuroscientist (7.52); Progress in Neurobiology (11.69); Trends in 
Cognitive Sciences (20.23); Trends in Neurosciences (13.84) 

Psychiatry Acta Psychiatrica Scandinavica (6.39); Addiction (6.53); American Journal of 
Psychiatry (18.11); Biological Psychiatry (13.38); Bipolar Disorders (6.74); Body 
Image (6.41); British Journal of Psychiatry (9.32); Clinical Psychological Science 
(7.17); Depression and Anxiety (6.51); Epidemiology and Psychiatric Sciences 
(6.89); Evidence-Based Mental Health (8.54); JAACAP (8.83) JAMA Psychiatry 
(21.60); JCPP (8.98); Journal of Abnormal Psychology (6.67); Journal of 
Behavioral Addictions (6.76); Molecular Psychiatry (15.99); 
Neuropsychopharmacology (7.86); Psychological Medicine (7.72); 
Psychotherapy and Psychosomatics (17.66); Schizophrenia Bulletin (9.31); The 
Lancet Psychiatry (26.48); World Psychiatry (49.55) 

Table S1. All journals included in this analysis by field, sorted alphabetically.  988 
 989 
S2. Manual scoring, field-based sensitivity analyses, and self-citation percentiles 990 
 991 
We manually scored the self-citation rates of 906 articles and compared them to the output of 992 
our code. 993 
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 994 
Figure S1. Comparison between manual scoring of self-citation rates and self-citation rates estimated from Python 995 
scripts in 5 Psychiatry journals: American Journal of Psychiatry, Biological Psychiatry, JAMA Psychiatry, Lancet 996 
Psychiatry, and Molecular Psychiatry. 906 articles in total were manually evaluated (10 articles per journal per year 997 
from 2000-2020, four articles excluded for very large author list lengths and thus high difficulty of manual scoring). 998 
For manual scoring, we downloaded information about all references for a given article and searched for matching 999 
author names. 1000 
 1001 
In addition, we computed self-citation rates by field using only authors considers neurologists, 1002 
neuroscientists, and psychiatrists. 1003 

Field Field definition First Author Last Author 

Neurology By journal 4.54 
(4.36, 4.70) 

8.87 
(8.52, 9.14) 

By author 4.33 
(4.14, 4.47) 

9.07 
(8.71, 9.36) 

Neuroscience By journal 3.41 
(3.30, 3.51) 

7.54 
(7.36, 7.73) 

By author 3.62 
(3.47, 3.74) 

8.32 
(8.13, 8.51) 

Psychiatry By journal 4.29 
(4.11, 4.43) 

8.41 
(8.16, 8.60) 

By author 4.45 
(4.24, 4.60) 

7.92 
(7.58, 8.16) 

Table S2. Comparisons of self-citation rates whether defining field by paper or by author.  1004 
 1005 
 1006 
 1007 
 1008 
 1009 
 1010 
 1011 
 1012 
 1013 
 1014 
 1015 
 1016 
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Also, amongst all papers in the dataset from 2016-2020, we computed percentiles of self-1017 
citation rates. 1018 

Percentile First Author self-
citation rate (%) 

Last Author self-
citation rate (%) 

Any Author self-
citation rate (%) 

1% 0.00 0.00 0.00 

5% 0.00 0.00 0.00 

10% 0.00 0.00 2.38 

25% 0.00 2.44 6.67 

50% 2.86 7.14 13.51 

75% 7.69 13.79 22.72 

90% 15.00 21.95 33.33 

95% 20.83 28.21 41.18 

99% 35.71 41.94 58.33 

Table S3. Percentiles of self-citation rates in articles from 2016-2020. 1019 
 1020 
S3. Temporal trends in self-citation rate by field 1021 
 1022 
We repeated the analysis in Figure 1b after separating the papers into Neurology, 1023 
Neuroscience, and Psychiatry. In addition, correlations and slopes between year and self-1024 
citation rate are reported in Table S4. Notably, Last Author and Any Author self-citation rates 1025 
are increasing in Neurology and Psychiatry but decreasing in Neuroscience. 1026 
 1027 

 1028 

 1029 
Figure S2. Temporal trends in First Author, Last Author, and Any Author self-citation rates from 2000-2020 in 1030 
Neurology, Neuroscience, and Psychiatry papers. Shaded regions show 95% confidence intervals calculated with 1031 
bootstrap resampling.  1032 
 1033 
 1034 
 1035 
 1036 
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  Correlation Slope (% per decade) 

Neurology First Author -0.86 (-0.92, -0.77) -0.71 (-0.87, -0.54) 

Last Author 0.43 (0.09, 0.67) 0.30 (0.05, 0.53) 

Any Author 0.87 (0.80, 0.93) 1.68 (1.19, 2.08) 

Neuroscience First Author -0.96 (-0.98, -0.94) -1.40 (-1.51, -1.28) 

Last Author -0.90 (-0.95, -0.85) -0.94 (-1.10, -0.77) 

Any Author -0.82 (-0.91, -0.70) -0.80 (-1.06, -0.56) 

Psychiatry First Author -0.95 (-0.97, -0.92) -1.30 (-1.48, -1.15) 

Last Author 0.51 (0.28, 0.68) 0.36 (0.17, 0.53) 

Any Author 0.66 (0.41, 0.80) 0.76 (0.36, 1.06) 

Table S4. Correlations between year and self-citation rate and corresponding slopes by field.  1037 
 1038 
 1039 
 1040 
 1041 

 1042 
Figure S3. Average of normalized self-citation counts for each academic age in years 2016-2020. For the normed 1043 
self-citation counts, the number of self-citations were divided by the number of previously published papers by the 1044 
author.  1045 
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S4. Self-citation rates by country 1046 
 1047 

Country First Author Self-citation Rate Last Author Self-citation Rate 

Argentina 3.04 (2.59, 3.42) 7.11 (5.72, 8.35) 

Australia 4.82 (4.51, 5.07) 7.54 (6.96, 7.93) 

Austria 4.62 (3.68, 5.20) 8.73 (7.24, 9.62) 

Belgium 4.61 (4.10, 5.04) 7.58 (6.58, 8.21) 

Brazil 2.92 (2.60, 3.21) 6.37 (5.54, 6.98) 

Canada 4.43 (4.23, 4.61) 7.85 (7.55, 8.13) 

Chile 3.79 (2.87, 4.67) 8.37 (5.37, 9.57) 

China 2.52 (2.31, 2.74) 4.84 (4.51, 5.20) 

Czech 
Republic 

3.84 (2.64, 4.93) 4.85 (3.67, 6.16) 

Denmark 4.45 (4.07, 4.76) 8.51 (7.69, 9.09) 

Finland 5.34 (4.82, 5.79) 8.86 (8.08, 9.56) 

France 3.83 (3.63, 4.01) 7.32 (6.97, 7.62) 

Germany 4.79 (4.63, 4.95) 8.61 (8.37, 8.83) 

Greece 4.36 (3.63, 5.05) 5.91 (4.56, 6.99) 

Hong Kong 4.72 (3.32, 5.87) 6.83 (5.74, 8.15) 

Hungary 5.10 (4.03, 5.98) 6.44 (5.31, 7.55) 

India 3.29 (2.50, 3.96) 5.00 (3.77, 5.89) 

Ireland 3.67 (3.20, 4.11) 8.12 (6.93, 8.96) 

Iran 1.87 (1.24, 2.42) 3.78 (2.40, 4.90) 

Israel 4.68 (4.20, 5.11) 9.00 (8.16, 9.70) 

Italy 5.65 (5.35, 5.90) 8.08 (7.57, 8.46) 

Japan 5.25 (4.87, 5.55) 8.05 (7.59, 8.43) 

South Korea 2.93 (2.50, 3.28) 5.47 (4.92, 5.95) 

Mexico 5.92 (3.56, 7.21) 7.01 (4.76, 8.11) 
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Netherlands 3.97 (3.81, 4.16) 7.92 (7.41, 8.29) 

New Zealand 5.34 (4.44, 6.11) 6.52 (5.60, 7.31) 

Norway 4.90 (4.23, 5.39) 8.83 (7.43, 9.88) 

Poland 3.98 (3.27, 4.63) 6.31 (5.21, 7.36) 

Portugal 2.85 (2.31, 3.26) 5.42 (4.39, 6.27) 

Singapore 3.80 (2.60, 4.77) 7.54 (4.23, 9.13) 

South Africa 3.44 (2.47, 4.40) 4.77 (3.79, 5.89) 

Spain 4.47 (4.20, 4.72) 7.83 (7.35, 8.25) 

Sweden 4.89 (4.53, 5.24) 9.03 (8.66, 9.42) 

Switzerland 4.55 (4.26, 4.85) 7.72 (7.31, 8.18) 

Taiwan 4.17 (3.07, 5.01) 6.66 (4.62, 8.02) 

Turkey 3.51 (2.72, 4.18) 2.79 (2.20, 3.38) 

United 
Kingdom 

5.02 (4.84, 5.18) 8.88 (8.57, 9.10) 

United States 5.09 (4.99, 5.17) 8.97 (8.84, 9.08) 

Table S5. First Author and Last Author self-citation rates by affiliation country of the author for papers from 2016-1048 
2020. 95% confidence intervals obtained via bootstrap resampling are included in parentheses. Only countries with at 1049 
least 50 papers were included in the analysis.  1050 
 1051 

 1052 
Figure S4. Mean impact factor by country for a) First Authors and b) Last Authors. Mean number of previous papers 1053 
by country for c) First Authors and d) Last Authors. Normed number of self-citations for e) First Authors and f) Last 1054 
Authors. The normed self-citation rate was computed as the number of self-citations divided by the number of 1055 
previously published papers. 1056 
 1057 
 1058 
 1059 
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S5. Latent dirichlet allocation 1060 
 1061 

 1062 
Figure S5. LDA perplexity on training and validation data for a different number of topics. The lowest validation 1063 
perplexity was for seven topics. 1064 
 1065 
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 1066 
Figure S6. Topic word clouds for 13 topics. These are the most common words appearing in each of our LDA model 1067 
topics. Based on the word clouds, we assigned overall themes, or topic names. 1068 
 1069 
 1070 
 1071 
 1072 
 1073 
 1074 
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 1075 
Figure S7. Topic word clouds for seven topics. These are the most common words appearing in each of our LDA 1076 
model topics. Based on the word clouds, we assigned overall themes, or topic names. 1077 
 1078 
 1079 
The results for self-citation rates with seven topics show similar trends as the results for 13 1080 
topics. For example, both Clinical trials and Dementia have high self-citation rates whether 1081 
using seven or 13 topics. 1082 

 1083 
Figure S8. a) First Author, b) Last Author, and c) Any Author self-citation rates for seven topics.  1084 
 1085 
 1086 
 1087 
 1088 
 1089 
 1090 
 1091 
 1092 
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S6. Comparison of self-citation rates by gender for a given number of papers 1093 
 1094 
We categorized authors based on the number of previous papers they had at the time of 1095 
publication. We then evaluated the self-citation rates by the number of papers for women and 1096 
men. This included a binned evaluation (Figure S7a) and an evaluation using a moving average 1097 
window (Figure S7b). 1098 
 1099 

 1100 
Figure S9. Self-citation rates by number of papers for women and men. Self-citation rates were grouped in bins by 1101 
number of previous papers: 0-9, 10-19, 20-29, 30-39, 40-49, 50-59, 60-69, 70-79, 80-89, 90-99, 100-149, 150-199, 1102 
200-249, 250-299, 300-399, 400-499, >500. Error bars reflect 95% confidence intervals obtained with bootstrap 1103 
resampling.  1104 
 1105 
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 1106 
Figure S10. Topic and gender interactions. Proportion of men and women authors by each topic for a) First Authors 1107 
and b) Last Authors. Average self-citation rates for men and women authors by each topic for c) First Authors and d) 1108 
Last Authors. Darker shades (top bar in each pair) are aggregated across men, and lighter shades (bottom bar in 1109 
each pair) are aggregated across women. 1110 
 1111 
 1112 
 1113 
 1114 
 1115 
 1116 
 1117 
 1118 
 1119 
 1120 
 1121 
 1122 
 1123 
 1124 
 1125 
 1126 
 1127 
 1128 
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S7. Self-citation rates models 1129 

  Count Rate 

  First Author Last Author First Author Last Author 

Adjusted R2  0.507 0.354 0.347 0.208 

Deviance 
explained 

 50.1% 38.9% 40.9% 25.7% 

Intercept  -0.096** (P=4.3e-8) 0.467*** (P<2e-16) -3.817*** (P<2e-16) -3.222*** (P<2e-16) 

Field Neurology -0.089*** (P<2e-16) -0.021 (P=0.098) -0.124*** (P<2e-16) -0.058** (P=6.4e-6) 

Neuroscience 0.150*** (P<2e-16) 0.200*** (P<2e-16) 0.120*** (P<2e-16) 0.204*** (P<2e-16) 

Psychiatry 0 0 0 0 

Continent Africa 0.162 (P=0.069) 0.211* (P=0.027) 0.290* (P=0.001) 0.357* (P=2.1e-4) 

Americas 0.125*** (P=3.1e-15) 0.309*** (P<2e-16) 0.162*** (P<2e-16) 0.320*** (P<2e-16) 

Asia 0 0 0 0 

Europe 0.162*** (P<2e-16) 0.256*** (P<2e-16) 0.198*** (P<2e-16) 0.270*** (P<2e-16) 

Oceania 0.170*** (P=4.7e-12) 0.187** (P=1.7e-10) 0.231*** (P<2e-16) -.234*** (P=5.0e-14) 

Gender Woman 0 0 0 0 

Man -0.003 (P=0.703) -0.024* (P=0.026) -0.017 (P=0.059) -0.036* (P=0.002) 

Document 
type 

Article 0 0 0 0 

Review -0.047** (P=1e-4) -0.139*** (P<2e-16) -0.073** (P=9.7e-7) -0.146*** (P<2e-16) 

Table S6. Models with affiliation continent instead of low- and middle-income country terms. *P<0.05, **P<1e-5, 1130 
***P<1e-10. 1131 
 1132 

Field Count Rate Number of papers 

 First Author Last 
Author 

First Author Last 
Author 

First Author Last Author 

Neurology (by 
journal) 

-0.093*** 
(P<2e-16) 

-0.025* 
(P=0.046) 

-0.131*** 
(P<2e-16) 

-0.062** 
(P=1.4e-6) 

0.026* 
(P=3.7e-4) 

0.068*** 
(P=4.0e-
15) 

Neurology (by 
author) 

-0.091*** 
(P=2.9e-
16) 

-0.002 
(P=0.85) 

-0.154*** 
(P<2e-16) 

-0.054* 
(P=2.2e-4) 

-0.016* 
(P=0.034) 

0.042* 
(P=1.7e-5) 

Neuroscience 
(by journal) 

0.147*** 
(P<2e-16) 

0.184*** 
(P<2e-16) 

0.112*** 
(P<2e-16) 

0.186*** 
(P<2e-16) 

-0.195*** 
(P<2e-16) 

-0.122*** 
(P<2e-16) 

Neuroscience 
(by author) 

0.248*** 
(P<2e-16) 

0.357*** 
(P<2e-16) 

0.191*** 
(P<2e-16) 

0.312***  
(P<2e-16) 

-0.340*** 
(P<2e-16) 

-0.253*** 
(P<2e-16) 

Psychiatry (by 
journal) 

0 0 0 0 0 0 

Psychiatry (by 
author) 

0 0 0 0 0 0 

Table S7. Coefficients for field when defining fields based on the publication history of authors rather than the journal. 1133 
*P<0.05, **P<1e-5, ***P<1e-10. 1134 
 1135 
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  Count Rate Number of papers 

  First Author Last Author First Author Last Author First Author Last Author 

Adjusted R2  0.509 0.353 0.349 0.204 0.565 0.4 

Deviance 
explained 

 50.1% 38.6% 40.9% 25.4% 72.5% 55.7% 

Intercept  0.034* (P=0.001) 0.748*** (P<2e-16) -3.645*** (P<2e-
16) 

-2.926*** (P<2e-
16) 

2.306*** (P<2e-16) 3.724*** (P<2e-16) 

Field Neurology -0.094*** (P<2e-
16) 

-0.026* (P=0.045) -0.132*** (P<2e-
16) 

-0.062** (P=1.3e-
6) 

0.026* (P=3.8e-4) 0.068*** (P=3.8e-
15) 

Neuroscience 0.146*** (P<2e-16) 0.185*** (P<2e-16) 0.112*** (P<2e-16) 0.186*** (P<2e-16) -0.195*** (P<2e-
16) 

-0.122*** (P<2e-
16) 

Psychiatry 0 0 0 0 0 0 

Low-middle 
income 
country 
status 

No 0 0 0 0 0 0 

Yes -0.118** (P=7.4e-
8) 

-0.242*** (P<2e-
16) 

-0.128** (P=8.0e-
8) 

-0.237*** (P<2e-
16) 

0.073* (P=1.4e-5) 0.009 (P=0.628) 

Gender Woman 0 0 0 0 0 0 

Man 0.019 (P=0.107) -0.031* (P=0.023) -0.001 (P=0.911) -0.048* (P=0.001) 0.223*** (P<2e-16) 0.254*** (P<2e-16) 

Document 
type 

Article 0 0 0 0 0 0 

Review -0.040* (P=0.001) -0.139*** (P<2e-
16) 

-0.063* (P=1.3e-5) -0.142*** (P<2e-
16) 

0.151*** (P<2e-16) -0.019* (P=0.046) 

Table S8. Models with interaction terms for between gender/academic age and gender/number of previous papers. 1136 
*P<0.05, **P<1e-5, ***P<1e-10. 1137 
 1138 
 1139 
 1140 
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 1141 
Figure S11. Quantile-quantile plots for all models. The plots were generated with a simulation-based approach using 1142 
the DHARMa package in R. 1143 
 1144 
 1145 

 Count Rate Number of papers 

 First Author Last Author First Author Last Author First Author Last Author 

Uniformity D=0.010 
(P=3.1e-6) 

D=0.016 
(P=1.4e-9) 

D=0.030 
(P<2.2e-16) 

D=0.041 
(P<2.2e-16) 

D=0.097 
(P<2.2e-16) 

D=0.078 
(P<2.2e-16) 

Outliers 0.009 outlier 
frequency 
(P=1.2e-5) 

0.010 outlier 
frequency 
(P=5.0e-4) 

0.011 outlier 
frequency 
(P=4.0e-14) 

0.009 outlier 
frequency 
(P=0.004) 

0.013 outlier 
frequency 
(P<2.2e-16) 

0.012 outlier 
frequency 
(P<2.2e-16) 

Dispersion dispersion=1.358 
(P<2.2e-16) 

dispersion=1.211 
(P<2.2e-16) 

dispersion=1.251 
(P<2.2e-16) 

dispersion=1.058 
(P<2.2e-16) 

dispersion=1.775 
(P<2.2e-16) 

dispersion=1.258 
(P<2.2e-16) 

Zero Inflation ratio=0.977 
(P<2.2e-16) 

ratio=0.858 
(P<2.2e-16) 

ratio=0.913 
(P<2.2e-16) 

ratio=0.806 
(P<2.2e-16) 

ratio=0.250 
(P<2.2e-16) 

ratio=0.173 
(P<2.2e-16) 
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Table S9. Tests for uniformity, outliers, and dispersion in models. Tests were performed using the DHARMa package 1146 
in R. Uniformity: Asymptotic one-sample Kolmogorov-Smirnov test. DHARMa outlier test based on exact binomial test 1147 
with approximate expectations. DHARMa nonparametric dispersion test via sd of residuals fitted vs. simulated. 1148 
DHARMa zero-inflation test via comparison to expected zeros with simulation under H0 = fitted model 1149 
 1150 
 1151 
 1152 

 1153 
Figure S12. Values for parametric terms in models across 100 random resamplings.  1154 
 1155 
S8. Self-citation tool 1156 
 1157 
Along with evaluating self-citation rates by topic, we also investigated self-citation rates for a 1158 
particular author, in this case Dustin Scheinost. Dr. Scheinost permitted us to use his name and 1159 
self-citation data in this work. We show a histogram of self-citations by paper (Figure S9a), the 1160 
self-citation rates over time (Figure S9b), and the histogram of Any Author self-citation rates for 1161 
all of Dr. Scheinost’s papers (Figure S9c).  1162 
 1163 
 1164 
 1165 
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 1166 
Figure S13. Single author self-citation rates for Dustin Scheinost. a) Histogram of Scheinost-Scheinost self-citation 1167 
rates, which were computed as the proportion of references with Scheinost as an author across every paper. b) 1168 
Scheinost-Scheinost self-citation rate over time. c) Any Author self-citation rates for all papers with Scheinost as an 1169 
author.  1170 
 1171 
Self-citation rates for particular authors may be of interest for authors to evaluate and regulate 1172 
their self-citations and to better understand individual trajectories in self-citation rates. 1173 
Furthermore, these methods can be extended to evaluate self-citation rates at the level of a 1174 
country, institute, or journal. For instance, we compared self-citation rates in Nature 1175 
Neuroscience to the overall field of Neuroscience (Figure S10). In general, Last Author and Any 1176 
Author self-citation rates were higher in Nature Neuroscience compared to the field. First Author 1177 
self-citation rates used to be lower in Nature Neuroscience (e.g., Year 2000) but are now 1178 
approximately equal to that of the field.  1179 
 1180 

 1181 
Figure S14. Comparison of self-citation rates in the entire field of Neuroscience and the journal Nature Neuroscience. 1182 
 1183 
 1184 
 1185 
 1186 
 1187 
 1188 
 1189 
 1190 
 1191 
 1192 
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S9. Additional data details 1193 
 1194 
 1195 

  Ratio of prevalence in missing to non-missing data 

  First Author Last Author 

Document type Article  0.994 

Review 1.029 

Field Neurology 1.204 

Neuroscience 0.888 

Psychiatry 0.900 

Continent Africa 1.308 1.329 

Americas 0.973 0.979 

Asia 1.562 1.570 

Europe 0.909 0.908 

Oceania 0.926 0.914 

Low-middle income 
country status 

No 0.972 0.976 

Yes 1.615 1.608 

Gender Woman 0.864 0.922 

Man 1.089 1.026 

Table S10. Data missingness.  1196 
 1197 
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 1198 
Figure S15. Distribution of the natural log of exchangeability block size. 1199 
 1200 
 1201 
S10. Summary of all comparisons 1202 

Comparison Method Uncorrected P Corrected P Finding 

First vs Last Author self-citation (all fields) permutation 1e-4 2.9e-4 * Last > First 

First vs Last Author self-citation 
(Neurology) permutation 1e-4 2.9e-4 * Last > First 

First vs Last Author self-citation 
(Neuroscience) permutation 1e-4 2.9e-4 * Last > First 

First vs Last Author self-citation 
(Psychiatry) permutation 1e-4 2.9e-4 * Last > First 

First Author: Neurology vs. Neuroscience permutation 1e-4 2.9e-4 * Neurology > Neuroscience 

First Author: Neuroscience vs. Psychiatry permutation 1e-4 2.9e-4 * Psychiatry > Neuroscience 

First Author: Neurology vs. Psychiatry permutation 0.095 0.144 No significant difference 

Last Author: Neurology vs. Neuroscience permutation 1e-4 2.9e-4 * Neurology > Neuroscience 

Last Author: Neuroscience vs. Psychiatry permutation 1e-4 2.9e-4 * Psychiatry > Neuroscience 

Last Author: Neurology vs. Psychiatry permutation 0.078 0.123 No significant difference 

Any Author: Neurology vs. Neuroscience permutation 1e-4 2.9e-4 * Neurology > Neuroscience 

Any Author: Neuroscience vs. Psychiatry permutation 1e-4 2.9e-4 * Psychiatry > Neuroscience 

Any Author: Neurology vs. Psychiatry permutation 0.005 0.010 * Neurology > Psychiatry 
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Slope over the years: First Author correlation 2.1e-15 9.2e-14 * m = -1.21% / decade 

Slope over the years: Last Author correlation 0.074 0.123 No significant correlation 

Slope over the years: Any Author correlation 0.012 0.024 No significant correlation 

Country-level self-citation rate and number 
of previous papers: First Author correlation 1.5e-4 4.1e-4 *Spearman’s r=0.576 

Country-level self-citation rate and number 
of previous papers: Last Author correlation 8.0e-7 1.8e-5 *Spearman’s r=0.654 

Country-level self-citation rate and impact 
factor: First Author correlation 0.347 0.424 No significant correlation 

Country-level self-citation rate and impact 
factor: Last Author correlation 0.007 0.014 *Spearman’s r=0.428 

First Author: Spearman’s correlation 
between topic self-citation and number of 
authors correlation 0.915 0.929 No significant correlation 

Last Author: Spearman’s correlation 
between topic self-citation and number of 
authors correlation 0.003 0.007 *Spearman’s r=0.758 

Any Author: Spearman’s correlation 
between topic self-citation and number of 
authors correlation 0.004 0.009 *Spearman’s r=0.736 

Men vs. Women, First Author self-citation 
rate, 2020 permutation 1e-4 2.9e-4 * Men > Women 

Men vs. Women, Last Author self-citation 
rate, 2020 permutation 4e-4 0.001 * Men > Women 

Early career men vs. women, self-citation 
rate permutation 1e-4 2.9e-4 * Men > Women 

Early career men vs. women, number of 
papers permutation 1e-4 2.9e-4 * Men > Women 

Early career men vs. 
women self-citation 
rate by number of 
papers 0-9 papers permutation 3.0e-4 7.8e-4 * Men > Women 

 10-19 permutation 0.019 0.034 * Men > Women 

 20-29 permutation 0.174 0.248 No significant difference 

 30-39 permutation 0.855 0.918 No significant difference 

 40-49 permutation 0.035 0.062 No significant difference 

 50-59 permutation 0.888 0.929 No significant difference 

 60-69 permutation 0.508 0.588 No significant difference 

 70-79 permutation 0.272 0.342 No significant difference 

 80-89 permutation 0.175 0.248 No significant difference 

 90-99 permutation 0.399 0.475 No significant difference 
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 100-149 permutation 0.929 0.929 No significant difference 

 150-199 permutation 0.824 0.906 No significant difference 

 200-249 permutation 0.264 0.342 No significant difference 

 250-299 permutation 0.196 0.269 No significant difference 

 300-399 permutation 0.264 0.342 No significant difference 

 400-499 permutation 0.716 0.808 No significant difference 

 >=500 permutation 0.075 0.123 No significant difference 

Table S11. P values for all 44 comparisons performed in this study. P values are corrected for multiple comparisons 1203 
with the Benjamini/Hochberg false discovery rate (FDR) correction with 𝛼=0.05. For P values determined by 1204 
permutation testing, 10,000 permutations were used. Significant values (Pcorrected<0.05) are marked with an asterisk in 1205 
the “Finding” column. 1206 
 1207 

S11. Subfield to field mapping 1208 

 1209 

Field Scopus-defined Subfields 

Neurology Neurology; Neurology (clinical) 

Neuroscience Cognitive Neuroscience; Neuroscience (all); 
Cellular and Molecular Neuroscience; 
Behavioral Neuroscience; Neuropsychology 
and Physiological Psychology; 
Developmental Neuroscience; Neuroscience 
(miscellaneous) 

Psychiatry Biological Psychiatry; Psychiatric Mental 
Health; Psychiatry and Mental Health 

Table S12. Mapping of subfields to fields. 1210 
 1211 
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