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Abstract 
The readability of academic articles has generally been low and its impacts on articles’ citation per-
formance have been measured in many fields, including marketing. In this paper, readability 
scores of 9,350 abstracts and 2,742 full texts from top marketing journals are analyzed and com-
pared with their citation counts in Scopus, Google Scholar, and Web of Science, by using negative 
binomial multiple regression, correlation analyses, and ANOVAs. 

In the literature review, the goal was to identify as many factors as possible that can be quanti-
fied automatically with programs such as Python from data exported from Scopus. Citations and 
ways to study them were discussed. Readability formulas, and their use in academia is outlined. 

A way to analyze vast amounts of bibliometric data of articles, readability of their abstracts and 
full texts with Python is proposed.  

In some journals, readability is correlated with citation counts, in others, it is not. Readability 
did not play a role in citations in the dataset, according to regression models. However, multiple 
other citation factors were identified: time, journal, self-citations, type of article, article length, ref-
erences, title elements, and productivity. The results were mostly in line with previous findings by 
Stremersch et al. (2007) and other authors having studied citation factors. 

Readability and its impact on academia are discussed. Authors should use as clear and concise 
language as possible, only using jargon when necessary. 

Practical implications are given to scholars, while also discussing the limitations and suggestions 
for further research. The methodological choices led to the most limitations, but also avenues for 
further research. 
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1. Introduction 

Many authors have studied citations in marketing (e.g. Bettencourt & Houston, 2001; Helm 

et al., 2003; Eisend & Lehmann, 2016), but while citation factors have been widely studied 

in other fields, they have been studied only once in marketing, by Stremersch et al. (2007), 

on articles published between 1990 and 2002. However, after this, technology for academic 

research indexing has evolved a lot, leading to possible changes in citation behavior and 

allowing new analysis methods to be used. In 2002, Web of Science became Web of 

Knowledge (Clarivate, 2020). In 2004, both Scopus (Fingerman, 2006) and Google Scholar 

were launched (Hoseth, 2011). 

The main issue with citation factors is that the more factors are analyzed, the more probable 

it is to find something statistically significant (Gelman & Loken, 2013). Tahamtan et al. 

(2016) list around 50 different factors that at least some authors have found significant. Some 

of these factors have to be measured or assigned manually or even subjectively, while others 

can be done automatically. 

1.1. Research objectives 

In this thesis, my goal was to extend the research by Stremersch et al. (2007), by finding as 

many factors that can be quantified automatically and objectively and test them on a sample 

of 9,350 articles published between 2000 and 2019 in 12 different top English marketing 

journals, out of which 2,733 also include analyses of full texts, published in three different 

journals. I used both five-year and total citations gained until March 2020 in Scopus for the 

main analyses, but also validated the results with citations in Google Scholar and Web of 

Science.  

And since authors usually do not decide whether they cite an article only based on article 

characteristics stored in citation databases, such as title, author count, and the number of 

references, I see if there are any other elements from full texts that may have an effect of 

citations, such as the type of the article, the number of quotes, formulas, and figures. While 

there is still a lot of variance that my analyses could not account for—probably a large part 

of it would have been explained by analyzing the content—the results shed some new light 

on citation factors in marketing on the first two decades of 21st century.  
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The significant factors positively affecting citations found in my study were journal and 

impact factor, time, self-citations, number and recency of references, type of article (litera-

ture review and meta-analytic study), awards, and use of colon and hyphen in titles. From 

the full texts, the number of appendices increased citations, while the number of formulas 

decreased citations (mainly in the Journal of Marketing). I also analyzed how these factors 

interact with each other, paying close attention to readability: I analyzed readabilities of dif-

ferent types of articles and saw if the full-text readability scores correlate across article sec-

tions, and with the ones from abstracts. 

While readability has been studied as a citation factor many times, the evidence has been 

very inconclusive so far—some authors finding a positive (e.g. Dowling et al., 2018) or a 

negative effect (e.g. Gazni, 2011; Stremersch et al., 2007). Why should readability be stud-

ied, at all? Bauerly et al. (2005) propose that for marketing to have a larger impact, reada-

bility should be increased, while it has been declining ever since the establishment of the 

Journal of Marketing. To find proper references for their work, authors must find the infor-

mation somewhere, they have to trust the information, and lastly, understand it. Readability 

plays a role in two of these: trust (Armstrong, 1980; Oppenheimer, 2006) and understanding 

(Dubay, 2007, p. 13; Oppenheimer, 2006). If the author can present a wide vocabulary and 

sound more intelligent, the reader may find him or her more (Armstrong, 1980) or less (Op-

penheimer, 2006) trustworthy. Naturally, more readable texts are easier to understand.  

Even though a wide vocabulary, proper use of jargon, and scientific sentence structure are 

most likely not enough to convince a reader of the credibility of a study with clear method-

ological flaws, the authors may not be able to find these flaws while skimming the abstracts 

of multiple articles, but they might spot specific keywords and phrases that might establish 

the credibility of the authors. 

The focus on readability was inspired by the otherwise interesting article by Thompson and 

Üstüner (2015), but with writing so complex that it was extremely hard to understand. A 

friend of mine had told me about readability scores a while earlier, so I decided to run it 

through one. The first paragraph of the discussion gives a score of -8.1 (or even lower, de-

pending on the calculator) on the Flesch Reading Ease Score (FRES). Some authors claim, 

mistakenly (see 2.3.1), that the values for FRES range from 0 (very difficult) to 100 (very 

easy). Negative values get an “impossible to comprehend” explanation in some readability 
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calculators, quite justifiably. To me, it made sense, that a very difficult-to-read text would 

not be cited as much, because authors simply could not understand the message. So, I wanted 

to find out whether that was true or not. 

Readability in the context of this study, in short, is an objective measure of the ease in which 

a piece of text could be read by a certain-level student (Dubay, 2007, p. 4). Even though it 

can be hard to quantify an ultimately subjective phenomenon, researchers have been able to 

come up with formulas—which are based on the length of sentences and words, and the 

number of difficult words—that have been able to predict accurately, or at least consistently 

the level of the text (Dubay, 2007, pp. 53–56; 110–112). 

Readability was studied as a factor of citations in marketing by Stremersch et al. (2007) who 

found a significant, but very weak negative effect. They did not explicitly state it in their 

article, but they probably analyzed only the full texts of the articles. In this paper, my goal 

is to extend this research by seeing if readability has an effect on marketing literature by 

analyzing both abstracts and full texts. 

Even though this paper is unable to offer any conclusive evidence of whether readability 

plays a major—or any—role, the methodological choices can offer guidance to other authors 

who might want to continue the research. 

1.2. Structure of the paper 

Chapter 2 provides an overview of the literature on (a) citations and how they should be 

studied, (b) citation factors including time, self-citations, journal-level, article-level, and au-

thor-related factors, and (c) readability formulas, readability in academia, and especially in 

marketing. Lastly, I present the theoretical framework and outline the hypotheses. I will 

shortly discuss why authors should not use zero-inflated regression models for studying ci-

tations. 

In chapter 3, I first describe the data and then outline the method I used, by which it would 

be possible to analyze endless numbers of abstracts and full texts, as long as they can be 

downloaded and cleaned for the analysis. Due to time constraints, I had to limit my scope to 

the 12 journals, but in theory, it would be possible to extend the dataset rather easily since 

the bulk of the analysis is done by a Python program. However, some manual work has to 

be done, such as assigning awards and literature reviews to the respective articles. 
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Chapter 4 describes the data preparation and analysis in SPSS after it has been extracted 

using Python. 

Chapter 5 presents the findings and contrasts them with the hypotheses. The chapter starts 

with findings from abstracts and general article characteristics and moves on to findings 

from the full texts. 

Chapter 6 discusses the findings and compares them to previous studies, mainly to 

Stremersch et al. (2007). 

In chapter 7, I summarize the findings and give practical recommendations to scholars on 

how they can improve their citation rates. I also discuss the limitations of my study and 

propose avenues for further research.  
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2. Literature review 

The goal of this section is to (a) discuss citations in general and how they should be ap-

proached, (b) identify the factors that have been linked to citations, (c) to review the literature 

on readability formulas and how readability is seen in academia, (d) to review the literature 

on readability in marketing, and (e) to explain my theoretical framework and summarize the 

hypotheses. 

2.1. Studying citations 

Citation counts have been extensively used to measure the academic performance of articles 

(e.g. Stremersch et al., 2007), journals (e.g. Laband & Sophocleus, 1985), authors (e.g. 

Hirsch, 2005), institutions (e.g. Niemi Jr, 1988; Lee et al., 2014), and countries (e.g. Lee et 

al., 2014).  

In this section, I outline the main findings from the literature on how citations should be 

studied: (a) comparing citation databases, (b) discussing the impact of self-citations, (c) com-

paring different citation windows, (d) reviewing possible options for citation analysis, and 

(e) a short look at the validity of citation counts. 

2.1.1. Citation databases 

In addition to storing bibliometric data, citation databases compile scholarly publications’ 

references and calculate the number of times a certain publication has been cited and by 

whom. There are three main ones used in citation analyses: Google Scholar (GS), Web of 

Science (WoS), and Scopus, which all give different citation counts due to differences in 

their coverage. There are also others, such as Microsoft Academic which has proved to be 

valid for assessing marketing journals’ impact (Moussa, 2019).  

Some authors who study citation factors use Google Scholar (e.g. Lee et al., 2014), while 

others use Scopus (e.g. Vanclay, 2013; Dowling et al., 2018) and others use Web of Science 

(e.g. Didegah & Thelwall, 2013a; Chen, 2012). Kulkarni et al. (2009) studied the citation 

counts provided by these three different databases quantitatively and qualitatively and found 

significant differences, yet did not determine which platform to use for citation counts, nor 

did give any example cases where one should be chosen over another. Similarly, for exam-

ple, neither Bakkalbasi et al. (2006), Harzing and Alakangas (2016), nor Yang and Meho 
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(2006) were able to provide clear guidelines which database to use, since they all have their 

strengths and weaknesses.  

Martín-Martín et al. (2018) concluded that citation counts in the databases are highly corre-

lated, but that GS is able to find more citations than WoS or Scopus, while still being able 

to find the citations that WoS and Scopus have. This means that GS has the widest coverage, 

but it also means that GS has probably lower quality citations: theses, books, and conference 

papers. 

Another benefit of using Scopus is that it is possible to easily get the citations from a speci-

fied time window, such as from the first five years after publication, and to remove self-

citations, the effect of which I will discuss next. 

2.1.2. Self-citations 

Self-citations can be defined at different levels: country self-citations (researcher citing pa-

pers of researchers from the same country), institute self-citation (citations within institu-

tions, among colleagues), journal self-citations (citations within a journal, between or within 

issues), author self-citation (authors citing their own previous work; Tahamtan et al., 2016).  

Van Raan (1998) proposes that self-citations should be eliminated when researching the im-

pact of academic articles. This view is supported by Glänzel et al. (2004), since they propose 

to eliminate self-citations in micro-level (article-level and author-level) analyses, whereas 

with meso- (e.g. institutions) and macro-level (e.g. countries) analyses they warn about the 

issues with the traditional definition of self-citations: “a direct self-citation for an author A 

occurs whenever A is also (co-)author of a paper citing a publication by A” (Glänzel et al., 

2004, p. 64). On a meso and macro level, this may lead to Type I errors (misspellings and 

spelling differences in names resulting in not identifying self-citations) or Type II errors 

(attributing self-citations to wrong people due to different people having the same name; 

Glänzel et al., 2004). Aksnes (2003a) also thinks that while self-citations might be problem-

atic on the micro level, they should not cause issues at most other levels of analysis.  

Excluding self-citations seems to be the norm in the citation literature that analyzes citation 

factors and performance on the article level. However, some authors, such as Onodera and 

Yoshikane (2015) did not find any differences in their analyses with or without self-citations. 

In addition to self-citations, for example, Dowling et al. (2018) removed reciprocal citations. 
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However, this does not seem to be common at all. Aksnes (2003a) claims that with short, 

fixed citation windows, self-citations become a larger problem. In the next subsection, I will 

discuss different citation windows. 

Later, in the methods, findings, and discussion sections, when talking about citations, they 

refer to non-self-citations, unless I am explicitly talking about GS or WoS citations, and self-

citations are always defined as such.  

2.1.3. Citation time-windows 

As will be discussed in a later section (2.2.1), time is one of the main drivers of citations: 

the more time since the publication of an article, the more time the article can have been 

seen by other authors and thus be cited by them. Though, there are some caveats, which will 

be discussed later. 

There are essentially three ways to study citations regarding time. First, by using a specified 

citation time-window, such as three (e.g. Aksnes, 2003a), five (e.g. Dowling et al., 2018), or 

14 years (Eisend & Lehmann, 2016) after the publication of the article and thus somewhat 

eliminating time from the equation. Second, by analyzing all citations accrued until a speci-

fied date and using time as a variable in the negative binomial regression model (e.g. 

Stremersch et al., 2007) or by testing the model on different timespans (e.g. Stremersch et 

al., 2015). Lastly, citations can be averaged over the time span, thus eliminating time at least 

somewhat. Though, this last method seems to be very rarely used (e.g. Folly et al., 1981), 

and then mostly used in special cases (e.g. Lachance & Larivière, 2014).  

The first method, in theory, eliminates time, since every article has had the same time to be 

cited. However, if the studied articles are taken from a long time period, such as twenty 

years, another large factor—journal—has had time to evolve, by e.g. the journal getting more 

popular over the years. I will get back to this later in the Methods section. Next, I will discuss 

different statistical tools and mathematical models for studying citations. 

2.1.4. Statistical tools for citations 

Multiple regression analysis is the most common method to analyze citation factors (On-

odera & Yoshikane, 2015), and as Tahamtan et al. (2016) suggest, multiple regression anal-

ysis is more reliable than a simple correlation analysis. However, some authors default to 
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using simple correlational analyses (e.g. Aksnes, 2003a). Using only correlation can be prob-

lematic since it fails to consider interactions between factors (Tahamtan et al., 2016). For 

example, if Peters and van Raan (1994) had only used correlational analysis, they would not 

have found the author to be the main driver of citations in their sample; they only found it 

from multiple regression analysis (see 2.2.5). 

Citations are count data: they are non-negative and can receive only integer values. There 

are two multiple regression analyses for count data: Poisson and negative binomial (Didegah 

& Thelwall, 2013a). The practical difference, in this case, lies in the mean and variance: 

Poisson requires equidispersion—mean and variance being equal—while negative binomial 

can account for overdispersion, where the variance is greater than the mean (Cameron & 

Trivedi, 2001).  

Hilbe (2011, p. 354) also notes that when there are too many zeros in the dependent variable, 

which is often the case with citations, a zero-inflated negative binomial model, or a hurdle 

model should be used. However, only a couple of authors have used the zero-inflated nega-

tive binomial model (ZINB; Didegah & Thelwall, 2013a; Upham et al., 2010; Chen, 2012) 

or the hurdle model (Didegah & Thelwall, 2013a), while others have used the normal nega-

tive binomial model. Using a ZINB or a hurdle model is not justified: the negative binomial 

model naturally includes zeros and using a zero-inflated or a hurdle model would require a 

separate phenomenon to explain the binary function, i.e. between zero and non-zero values 

(Hilbe, 2011, pp. 355, 370–371). The difference between hurdle and ZINB models is that in 

a hurdle model, the zeros are caused by this phenomenon alone, and in a zero-inflated model, 

zeros can be caused by the phenomenon or by the count distribution (Hilbe, 2011, pp. 370–

371). This separate phenomenon could be for example whether the article was published in 

a journal or not.  

Didegah and Thelwall (2013a) state, after having seen that the hurdle model fit their data the 

best: 

The hurdle model is also intuitively a good choice because it seems reasonable to 

assume that it is a significant hurdle for a paper to receive its first citation but after 

this it is more likely to be cited in the future. (p. 865) 
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This seems to be confusing the definition of the word hurdle with the proper use of the hurdle 

model: just because it might be a hurdle to get cited, does not mean that citations should be 

studied with hurdle models. 

Upham et al. (2010) justify them using a ZINB model:  

We anticipate that numerous papers will not be cited for structural reasons, includ-

ing article type, journal, and bibliography characteristics. Other papers in our da-

tabase received no citations for the time period covered simply due to chance. There 

are also papers that are cited frequently, leading to over-dispersion in our dataset. 

(p. 569) 

Their dataset included over 100,000 articles from almost 50 years, from journals with largely 

differing average citation counts per paper. Almost half of the papers in their dataset received 

zero citations, which is not the case in my dataset, as will be discussed later in Data analysis 

in SPSS section. 

However, Upham et al. (2010) as well as Chen (2012) make a mistake in using a Vuong test 

to justify using a ZINB model. Wilson (2015) notes that a Vuong test should not be used to 

test zero-inflation. Even though the Vuong test might indicate that a zero-inflated model fits 

the data better, it does not necessarily indicate that the data is, in fact, zero-inflated, i.e. 

having a separate process for zeros (Desmarais & Harden, 2013). There still should be a 

clear phenomenon to explain why a certain article could or would not receive any citations. 

Upham et al. (2010) claim that it could be caused by article type, journal, or bibliographic 

characteristic. The question is: how? If, for example, the journal was the cause, it would have 

to mean that all of the articles from that journal received zero citations. 

To illustrate this further, proper use cases for hurdle and ZINB models from different con-

texts are, for example, the number of days being hospitalized (binary variable: getting ad-

mitted to hospital, yes or no; hurdle model) and the number of fish caught during camping 

(binary variable: going fishing, yes or no; ZINB model). If the person is not hospitalized, the 

days would naturally be zero. If the person is hospitalized, the days would be one or more, 

while some other variables control the number of days, such as the severity of the illness. 

Then, if the person did not go fishing, he would not catch any fish, but if he did go, there is 

a possibility of catching some or no fish, depending on other factors such as the type of bait. 
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In both of these examples, there is a definite explanatory variable for (some) zeros in the 

data. 

In citation counts, when analyzing already-published articles, there does not exist such a 

phenomenon. If the analysis would be extended to also non-published, i.e. rejected, papers, 

using a zero-inflated model might be justified, since if the paper is not published anywhere, 

it cannot be cited. Though then again, in theory, it could be published independently and 

then cited by other authors. 

Lastly, in the next section, I shortly discuss the literature on citations as a measure of aca-

demic performance. 

2.1.5. The validity of citation counts 

Citations may serve different functions: use/application, affirmation/support, negation, re-

view, or perfunctory mention (Baumgartner & Pieters, 2003). In marketing, in one sample, 

“31.8% of all citations are perfunctory mentions, 52.9% are review citations and only 15.3% 

of all citations are application, affirmation and negation citations” (Stremersch et al., 2015, 

p. 65). According to Stremersch et al. (2015), perfunctory mentions are rather useless and 

do not represent scientific merit. However, Stremersch et al. (2015) do not make any recom-

mendations on eliminating these types of citations in citation analysis, but rather, would 

encourage editors to weed them out, instead of editors or reviewers forcing the authors to 

use their articles as references. Stremersch et al. (2015) simply conclude that this type of 

citation gaming is part of the academic field. 

Similarly, Bornmann and Daniel (2008) classify citations into eight different types, depend-

ing on the motivation of the citation: affirmational (confirms prior work), assumptive (refers 

to assumed, general knowledge), conceptual (uses definitions, concepts, and theories), con-

trastive (contrasts citing and cited papers), methodological (uses methods from the cited pa-

per), negational (disputes/corrects/questions cited work), perfunctory (supplies no additional 

comments), and persuasive (cites an author recognized in the field). Despite these differ-

ences, Bornmann and Daniel (2008) conclude that citation counts are still a valid tool for 

measuring scientific impact. Van Raan (2005, p. 135) states: “There is, however, sufficient 

evidence that these reference motives are not so different or randomly given to such an extent 

that the phenomenon of citation would lose its role as a reliable measure of impact.” 
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Then, even though it might not be required to determine and differentiate the several citation 

motivations, an issue with citation counts is that we do not have data on the number of people 

who viewed the article but decided not to cite it. A widely cited paper was clearly useful for 

some scientists, but it is unclear to whom it was not. Bornmann and Marx (2014) utilize the 

wisdom of crowds to analyze citations: a large crowd of people (the citing researchers in this 

case) is smart to determine the usefulness of the paper. The authors suggest using a method 

where articles from a specific topic are analyzed to see which articles they have cited. Then, 

these cited articles can be seen as useful for this topic. “Citations, in the form of cited refer-

ences, say more about the citing unit than citations about the cited unit” (Bornmann & Marx, 

2014, p. 1289). What this means is that, for me as a writer, the article by Bornmann and 

Marx was useful, and this citation should be “linked” to me, not to the original authors. They 

compare citations to likes on social media: simply evaluating the number of likes without 

knowing the number of impressions does not prove very useful. Bornmann and Marx (2014) 

state:  

Unlike citation data in bibliometrics, the like data are used as a rule not to assess 

the content, but to assess the users who have made a statement about certain content. 

The like data are therefore evaluated for the person who has provided information 

and not the content that is being evaluated. The user-specific statements on various 

contents can be used to compile a user profile that provides information about a 

user’s preferences. (p. 1289) 

How Bornmann and Marx (2014) suggest using this cited reference analysis is that a re-

searcher picks a topic (e.g. consumer research) and analyzes all the papers published on this 

topic (e.g. in one year) by counting the number of times all articles have been referenced in 

these papers (thus telling e.g. how many times Belk’s seminal paper from 1988 appears in 

all the consumer research articles published in 2010). This then shows that the specific article 

was useful in this year, for the researchers on the specific topic. Even though I believe this 

method to be useful in some scenarios, I do not find it to benefit the analyses in this paper 

while also being difficult to apply. 

In the next section, I take a look at the literature on citation factors. 
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2.2. Citation-driving factors 

Scientometrics is a sub-field of bibliometrics, which is focused on the study of scientific 

publications and citation factors. Many authors have studied what factors drive citations, 

including journal, author, gender, collaboration (individual, institutional, regional), regions, 

institutions, type of article (review, theoretical, etc.), length of article, abstract and title, the 

wording of the title, topic, type of abstract, readability of article and abstract, keywords, 

(number of and type of) references, time, audience targeting, editors, access type, and self-

citations. These factors can be grouped on three different levels: journal, article, and author 

(Tahamtan et al., 2016).  

In this section, my goal is to identify the factors that can objectively be measured and quan-

tified, as automatically as possible to allow the analysis of large datasets.  

The issue with many of these factors tends to be that even though they might come up in 

literature reviews, they might get eliminated if datasets were larger or combined across stud-

ies. Also, by studying as many factors as possible, at least some are likely to present them-

selves as significant (Gelman & Loken, 2013). However, some factors tend to be significant 

in most studies, and most importantly in the same direction. 

Table 1 summarizes the key studies used for my literature review. 

Table 1. Summary of key studies. 

Authors Discipline What is studied Time period, sample size 

Stremersch et al. 
(2007, 2015) 

Marketing  
Citation factors, including full 
text covariates 

1990–2002 
n = 1,825 

Sawyer et al. (2008) Marketing 
Readability of award-winning 
articles 

1990–2004(?) 
n = 81 + 81 

Eisend & Lehmann 
(2016) 

Marketing 
Primary and secondary cita-
tions of influential papers 

1968(?)–1996 
n = 198 

Dowling et al. 
(2018) 

Economics 
Readability of abstracts, cita-
tion factors 

2003–2012 
n = 3,229 

Gazni (2011) 
22 fields, incl. eco-
nomics and business 

Citations and abstract reada-
bility.  

2000–2009 
n = 263,156 

Peng & Zhu (2012) Internet studies Citation factors 
2000–2009 
n = 7,749 
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2.2.1. Time 

Time is one of the biggest drivers of article citations. The longer an article has stayed public, 

the more research has been conducted and thus more opportunities for the article to be cited. 

Though, since there has been an upward trend in almost all of the dataset’s journals’ impact 

factors, it could be safe to assume that newer articles have gained more citations than older 

articles in their first five years after publication. This is also supported by other authors’ 

observations, such as Landes and Posner (1995) who stated: 

 A ten-year-old article is less likely to be cited today than a nine-year-old article, and 

so forth. Total citations to an article will increase as the time from publication 

lengthens, but will do so at a decreasing rate as a consequence of depreciation.  

(p. 831) 

However, the question is, is the effect linear or something else. Ayres and Vars (2000) used 

a quadratic logarithmic formula: ln(total citations) = –10.459 + 5.245 * ln(months) – 0.497 

* [ln(months)]2. Stremersch et al. (2007) used a quadratic formula: CITEk = α + γ * Qk + λ 

* Q2k + εk, where Q is the number of quarters since publication and ε is the residual which 

implicates the ranking of the article k. Bergh et al. (2006) and Judge et al. (2007) used the 

article age directly, linearly. I will get back to this question later in the findings section 

(5.1.1). 

H1a: Older articles have gained more citations than newer ones, in total. 

H1b: Newer articles have gained more citations during the first five years. 

H1c: Citation performance decays over time. 

2.2.2. Self-citations 

As discussed in the previous section (2.1.2), self-citations should be excluded from the anal-

ysis of article performance, i.e. the performance is measured by the number of citations from 

other authors. However, self-citations have been proven to influence the number of non-self-

citations. For example, in marketing, self-citations positively affect future citations 

(Stremersch et al., 2007; Stremersch et al., 2015). Similar results were found from multiple 

disciplines in articles published by Norwegian authors, where they found that even the most 

active can self-citators benefit from it (Fowler & Aksnes, 2007), meaning that there does not 

seem to be diminishing returns. This can be caused by the increase in productivity and 
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quality: the more papers an author publishes, the more the author can improve and cite his 

or her own work, but also, the more likely he or she is to be recognized by other authors or 

to be published in a more reputable journal (Petersen et al., 2010). 

H2: The number of self-citations positively affects non-self-citations. 

2.2.3. Journal-level factors 

Peng and Zhu (2012) state: where you publish matters most. While other factors, such as 

article-level factors might be significant, they are moderated by journal-level factors (Peng 

& Zhu, 2012). 

Journal impact is traditionally measured by impact factor, but also other methods, such as h-

index, g-index, and average citations per paper, have been proposed. However, these are 

mainly meant for journals that are not properly ISI-indexed, or that tend to be slowly re-

sponding to new research (Harzing & Van der Wal, 2008). Bornmann et al. (2008) studied 

in total nice different indices and concluded that there were mainly two types: ones that 

measure the number of the most productive papers, and ones that measure the impact of this 

most productive core. 

Journal impact factor 

Journal impact factor is defined as the total number of citations received in a year for the 

items published in the two previous years, divided by the total number of citable items pub-

lished in the two previous years. Assuming that the impact factor does not suddenly decrease, 

a higher impact factor leads to higher citations. 

For example, Falagas et al. (2013), Aksnes (2003b), and Vanclay (2013) concluded that 

journal impact factor positively affects citations.  

Impact factor is a virtuous circle: authors want to publish their best papers in the best possible 

journals, thus increasing the journals’ quality (Tahamtan et al., 2016). Another explanation 

is the Matthew Effect, where the most popular get more popular. Larivière and Gingras 

(2010) found that the Matthew Effect explains some of the difference in publication citation 

count differences between the same articles published in more and less popular journals. 

H3: Journal is the main driver of citations. 
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H4: Higher impact factor leads to more citations. 

Position in the issue 

Even though Stremersch et al. (2007) define article order, in which order the articles are 

within an issue, as a quality metric for the article itself, since editors might be more likely to 

position higher quality articles at the beginning of the issue, I think it should not be consid-

ered a journal-level factor. After all, it is not within the control of the author. However, 

Stremersch et al. (2007) found a significant, yet small effect between article order and cita-

tions, where articles earlier in the issue gain slightly more citations. 

H5: Articles at the beginning of the issue gain more citations. 

Language 

Even though language can be an article-level factor, the journals may determine the lan-

guage. While the language may be a driver of citations (Tahamtan et al., 2016), all of the 

journals in my dataset are published in English. 

2.2.4. Article-level factors 

In this subsection, I review all the article-level factors that can be quantified, including the 

type of article, references, awards, article length, number of extra elements (especially equa-

tions and figures), and title length and elements.  

Type of article 

Laband (1987) found that, in economics, review articles gained more citations, while there 

were no differences between theoretical and non-theoretical articles. Stremersch et al. (2007) 

analyzed marketing articles’ types (conceptual, empirical, methodological, and analytical), 

which were identified manually, and found that methodological and analytical papers were 

cited less in the universalist model, but not in the full model. They did not analyze literature 

reviews or meta-analytic studies. The finding by Stremersch et al. (2007) that methodologi-

cal studies gain fewer citations in contrary to the expectation by Padial et al. (2010), where 

they assume that since methodological papers present new scientific tools, they should gain 

more citations. Methodological articles can also be useful and thus cited in other fields. 

However, identifying methodological articles automatically based on keywords, abstract, or 

title is very hard and thus not done in this paper. 
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Vanclay (2013) concluded that literature reviews gain more citations than non-review arti-

cles. Webster et al. (2009) propose that this effect can be caused by review articles having 

more references and the cited authors “returning the favor” by citing the review article. 

In medical literature, meta-analytic studies have gained most citations (Patsopoulos et al., 

2005). Similarly, in management, meta-analytic studies gain more citations (Judge et al., 

2007). Eisend and Lehmann (2016) also considered meta-analytic studies into their influen-

tial papers, where they were more cited than literature reviews but less cited than seminal 

and award-winning papers. Since meta-analytic studies are less likely to be biased, they can 

be considered higher quality and thus be cited more (Bhandari et al., 2007). 

H6: Review articles and meta-analytic studies gain more citations. 

Stremersch et al. (2007) studied the orientation of the articles (quantitative, managerial, be-

havioral), based on Kerin’s (1996) classification, though missing one of them (integrative). 

Using this classification does not seem justified since it was originally used to describe time-

periods within the history of the Journal of Marketing. Stremersch et al. (2007) did not find 

any differences in citation performance between these orientations. Reliably identifying 

these types automatically, even quantitative articles is very difficult. 

References 

For example, Webster et al. (2009), Bornmann et al. (2014), and Dowling et al. (2018) found 

a positive link between the number of references in an article and the number of citations the 

article receives. Basing on network analyses, Chen (2012) claims that this link can be caused 

by the article becoming a part of more clusters of articles—the more clusters the article is a 

part of, the more likely it is to appear in the research of another researcher. Chen (2012, p. 

447) states: “An article that introduces novel connections between clusters of co-cited refer-

ences is likely to subsequently become highly cited.” So, the number of references itself 

should not be a major predictor of future citations, but instead how many clusters of articles 

the references belong to. However, this level of analysis is not possible within this paper. 

Stremersch et al. (2015) noticed that an increase in the number of references increases the 

so-called perfunctory mentions, or more specifically “you cite me, I’ll cite you” citations, 

but not other types of citations. Haslam et al. (2008) found a strong correlation and regression 

weight between both number and recency of references and impact.  
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H7a: Higher reference count leads to higher citation rates. 

H7b: Newer references lead to higher citation rates. 

Awards 

Awards in marketing are usually an acknowledgment of high quality (e.g. John D. C. Little 

Award) or high (long-term) impact (e.g. Sheth Foundation Award, William F. O’Dell 

Award). Award-winning articles, almost by definition, gain more citations than other articles 

(Stremersch et al., 2015). Award-winning articles are also more readable and longer than 

other articles (Sawyer et al., 2008). This length difference can be caused by the perceived 

quality of the article in the editorial phase, allowing it to be longer (Peters & van Raan, 

1994), as will be discussed next. 

H8a: Award-winning articles gain more citations. 

H8b: Award-winning articles are more readable. 

H8c: Award-winning articles are longer. 

Article length 

Falagas et al. (2013) concluded that article length correlates positively with citations. Simi-

larly, Stremersch et al. (2007; 2015) found a small but significant positive effect between 

article length and citations. Also, Haslam et al. (2008) found a strong correlation as well as 

a strong effect in their regression model in article length. 

H9: Longer articles gain more citations. 

Number of “extra” elements 

Extra elements, such as tables, figures, formulas, footnotes, and appendices, while some-

times necessary, can often make articles easier to read and understand, and thus adding more 

of them could improve the article. However, the length of an article is often limited, which 

may deter or even prohibit the authors from adding more of these extra elements. Then, on 

the other hand, if the article is considered to be of higher impact (Haslam et al., 2008; 

Stremersch et al., 2007), the editors and/or reviewers may allow it to be longer (Peters & van 

Raan, 1994), thus creating an artifact, where already higher quality—and higher impact—

articles have more of these extra elements. It would mean that extra elements are positively 

correlated with citations, but the effect should be minimized by other factors in the regression 

model. 
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Stremersch et al. (2007) did not find any meaningful interaction between the number of ci-

tations and the number of extra elements, only a very small effect of the number of equations 

and a very small positive effect of the number of appendices on citations. In social-person-

ality psychology, Haslam et al. (2008) found a significant positive correlation between the 

number of tables and figures and citation impact, but the effect was not significant in their 

regression model. 

Even though extra elements include more types of elements than simply appendices, figures, 

and formulas, as I will later explain in the methods section, it was possible to only count 

these three in addition to quotes, which should not have any effect. 

H10a: Longer articles have more appendices, figures, and formulas. 

H10b: The number of appendices, figures, and formulas affect the citation rate. 

Title 

Yitzhaki (2002) studied article title length measured in the number of “significant” words in 

relation to the article length and found conflicting results. Significant words were words that 

were not articles, prepositions, conjunctions, pronouns, or auxiliary verbs. Doing this auto-

matically is challenging, even though it could be done by using natural language processing. 

Stremersch et al. (2007) did not find an effect in title length or the use of attention grabbers 

(i.e. “new,” “market,” “marketing,” or keywords in the title) to citations in marketing, but 

later they did find a small negative effect in title length (Stremersch et al., 2015). However, 

Jacques and Sebire (2010) found a positive correlation between title length and citations. 

Subotic and Mukherjee (2014) studied the use of question marks and colons in titles, as well 

as title length. They came to the same conclusion as Stremersch et al. (2007): what is said is 

most important. Subotic and Mukherjee (2014) measured title length in number of charac-

ters, number of non-space characters, and number of words. They found a small negative 

effect by title length to citations, which was mediated by the journal impact, but they wonder 

whether it was simply an artifact caused by the journals’ review process, or something else. 

Similarly, as title length, the effect of colons, hyphens, and question marks in titles on cita-

tions is not conclusive. Subotic and Mukherjee (2014) or Hartley (2007) did not find a sig-

nificant effect on citations in using a colon, while for example Jamali and Nikazad (2011) 
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found that titles with colons received fewer citations than those without one, while Jacques 

and Sebire (2010) found that colons were positively correlated with citations. 

Then, probably the title is not the one getting the citation for the article, only the attention 

(Jamali & Nikazad, 2011). 

H11: Title length (in number of words or characters) affects citations. 

H12a: Colons, hyphens, and question marks in titles make them longer. 

H12b: Colons, hyphens, and question marks in titles affect citations. 

2.2.5. Author-related factors 

Very few researchers have studied authors themselves as citation drivers, but mainly other 

factors related to authors: level of experience, productivity, editorial status, gender, and col-

laboration. Peters and van Raan (1994) were the only ones I found that had studied authors 

as individual drivers of citations. 

Authors could perhaps be considered as “brands.” For example, for anyone having studied 

consumer behavior, they most likely know Russell Belk. In other contexts, the familiarity of 

brands is important for purchase decisions (Baker et al., 1986). It could be possible that this 

familiarity would also lead a researcher to cite a known author instead of an unknown one. 

This theory is somewhat supported by Shadish et al. (1995), as well as Case and Higgins 

(2000), who surveyed why researchers had cited certain works. However, measuring the 

actual recognition of authors is very difficult, which is probably why most researchers have 

not even tried to use it as a citation factor. Then again, it would be possible to substitute 

actual familiarity with other factors that might be correlated with familiarity and recognition, 

such as productivity, h-index, or the citation count of the most cited paper. 

Level of experience 

Bodenhorn (2003) ranked economists and departments based on citations. The more experi-

ence and publications individuals have, the more citations they receive. Di Vaio et al. (2012) 

found similar results: professors were 74% more likely to get cited than assistant professors 

and post-doctoral researchers. 
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It would be hard to take the experience level of the authors into account in this paper because 

it is multi-faceted. Though measures of productivity might be the next best substitute for it, 

i.e. the number of published papers before the analyzed article. 

The number of previous citations can work as a proxy for experience and recognition. If an 

author has gained a lot of citations in the past, he is likely to do so in the future as well, since 

he may have become a recognized authority in the field (Bjarnason & Sigfusdottir, 2002). 

H13: Past citations drive future citations. 

Productivity 

Higher productivity, measured in the number of previously or afterward published papers, 

has often been linked with higher citation counts (e.g. Bosquet & Combes, 2013; Haslam et 

al., 2008) because it increases chances for visibility and recognition. Higher (future) produc-

tivity also allows the authors to cite their own work more. Higher productivity also means 

higher experience, which could lead to better research and article quality (Amara et al., 

2015). However, since I do not measure research quality directly, it is only a possible inter-

action that is not tested within this paper. 

H14a: Higher productivity leads to higher citations. 

H14b: Higher productivity leads to higher self-citations. 

Peters and van Raan (1994) found that the author was the largest driver of citations. How-

ever, they only studied the articles published in three years by 18 most productive authors 

from chemical engineering. Productivity was not the main driver, but something else within 

the authors: the 6th most productive author gained the least citations, while the 7th gained the 

most (Peters & van Raan, 1994). 

Bornmann and Daniel (2007) studied whether splitting a long article into multiple shorter 

ones could increase citations. An increase in the number of articles published within a year 

increased total citation counts, but if the articles were really short, the effect was minimal 

compared to when articles were longer. 

Editorial board 

Laband and Piette (1994) studied if editors can favor certain authors and thus help them get 

published with poorer quality papers, concluding that favoritism in fact exists, but that it 
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attracts better editors with lower monetary compensation leading to a net gain in efficiency, 

even though occasionally editors may choose substandard papers. Then, on the other hand, 

Wilhite and Fong (2012) found that editors can and do coerce researchers to cite their own 

articles or articles from the journal where the manuscript is about to be published, to increase 

the journal’s impact factor. 

Gender 

Laband (1987) did not find differences in citation rates between genders in economics in a 

sample of 5,880 articles from 1974–76. Nielsen (2017) studied whether there are gender 

differences in the received citations in management journals, finding a small difference in 

favor of women but being afraid to make any large generalizations based on the data. Nielsen 

and Börjeson (2019) researched if gender diversity influences the research quality and thus 

citations, finding no significant impact from 27,676 management papers. Thelwall (2019) 

found that when a female is mentioned first in the list of authors, the paper gains slightly 

more citations if the field of psychology. While there have been studies that report larger 

gender differences in some disciplines (e.g. Maliniak et al., 2013), the authors do not always 

even know the gender of the cited author (Krawczyk, 2017). Thus, it seems that identifying 

the genders of the authors, while increasing the workload tremendously, would not prove 

useful. 

Collaboration 

Collaboration has been studied in different contexts (between authors, institutions, and coun-

tries) and fields, and it has often been linked to higher citation counts. One reason for this 

could be higher self-citation rates. However, Van Raan (1998) proves that it is not the case 

in astronomical research in the Netherlands. In contrast, Glänzel and Thijs (2004) found a 

positive relationship between author count and self-citations. Self-citation rates (the percent-

age of self-citations from the total number of citations) are usually higher in papers that have 

been cited less often and in papers with multiple authors, but only a small part of the increase 

in citations in multi-authored papers is caused by the increase in self-citations (Aksnes, 

2003a). It is almost a given that self-citation rates are higher in less-cited papers, since the 

theoretical maximum number of self-citations is, after all, rather low compared to how often 

popular articles may be cited by others. 
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Stremersch et al. (2007) propose that with the increase in the number of authors, there is also 

an increase in opportunities where the article could be promoted, such as conferences and 

doctoral programs. However, they found a small negative effect between the number of au-

thors and citations (Stremersch et al., 2007), and later no significant effect after accounting 

for the citation motivation types (Stremersch et al., 2015). 

Ronda‐Pupo and Katz (2016) found that, in management, collaboration between researchers 

raises the opportunity to gain recognition compared to publishing alone. Similarly, in medi-

cine, collaboration increases the citation counts authors receive (Figg et al., 2006). Persson 

et al. (2004) also concluded that higher collaboration is associated with higher citation rates. 

Hollis (2001) noticed that collaboration increases research quality, paper length, and publi-

cation frequency of individuals, but not to the extent that total output per author would in-

crease, meaning that to maximize only research output, authors should work alone. 

Even though the evidence is somewhat mixed, it is safe to assume that higher collaboration 

should increase the citation counts. 

H15a: Higher collaboration leads to higher citation rates. 

H15b: Higher collaboration leads to a higher self-citation rate. 

H15c: Higher collaboration leads to lower per-author productivity. 

2.3. Studying readability 

If academic articles were considered from the traditional marketing mix (4Ps) perspective, 

the product is the article itself, price is the amount of time the reader has to spend reading 

the article, as well as the price for the subscription (which can be covered by the institution), 

promotion would be the abstract (Koopman, 1997), the title (Jamali & Nikzad, 2011), and 

the journal itself, and place would be the journal or the database. Even though the main 

purpose of an abstract is to summarize the paper, it can also be seen as the marketing material 

for the paper (Koopman, 1997). 

The language in the abstract can convey credibility: if the authors can write scientifically, 

using the jargon of the subject field (Oppenheimer, 2006), they might know something about 

what they are writing. However, the fact that the paper is published within a credible journal 

also speaks volumes, which might negate all the other factors, such as readability (Peng & 

Zhu, 2012). 
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Klare (1963) gives three definitions to readability, out of which two could be analyzed in the 

case of abstracts, but the second one is more subjective and thus hard to measure. This leaves 

the third option, which will be used for this study.  

(1) To indicate legibility of either handwriting or typography. 

(2) To indicate ease of reading due to either the interest-value or the pleasantness of 

writing. 

(3) To indicate ease of understanding or comprehension due to the style of writing. 

(p. 1) 

DuBay (2007, p. 6) defines readability as “the ease of reading created by the choice of con-

tent, style, design, and organization that fit the prior knowledge, reading skill, interest, and 

motivation of the audience.” In the upcoming analyses, I will mostly focus on the style ele-

ment (i.e. how the content is written: in long or short words and sentences) of readability, 

but the organization of full texts plays a role in their readability scores as well. 

Klare (2000, p. 11) states that “those who write to ‘impress rather than express’ are at least 

deceitful and certainly not democratic.” Klare (2000) thinks that writers should do their best 

to make their texts as easy to read as possible—by writing clearly and concisely. However, 

as will be shown later, studies have found that some people judge less readable articles as 

better. Klare (2000) also notes that writers usually have an idea of the readers’ background 

and interest level on the topic. This is especially important in scientific texts since most of 

the readers are a part of the scientific community—they have a long background in the field 

as well as a high interest level (Gazni, 2011). 

2.3.1. Readability formulas 

In this section, I first present the basics of readability formulas. Second, I review the criticism 

they have received. Third, I answer the question, which formulas I should use, mainly basing 

my decisions on academic literature on the readability of academic articles. I also present 

the formulas for the readability formulas I will use. Lastly, I review some important articles 

on readability in marketing and other fields. 

There are hundreds of different readability formulas that each try to tackle the problem from 

a different angle, using different variables with different multipliers or operations. In the 
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1980s, there were 200 formulas (Dubay, 2007, p. 6), with more coming each year. Reada-

bility formulas usually use some of these variables: sentence length (in words, syllables or 

characters), word length (in syllables or characters), and the number of easy or hard words 

(either from a list or based on word length; Dubay, 2007, pp. 88, 96). Other variables have 

been proposed, but they have not proved to add to the validity of the formulas while making 

the application of the formula harder (Dubay, 2007, p. 53). These variables include, for ex-

ample, variations of the three previous variables, number of pronouns, number of unique 

difficult words, number of explicit sentences, number of prepositional phrases, and personal 

references (pronouns, names). If the formula variables are different, the results can vary 

highly. 

The formulas are validated based on different metrics, but usually either on the percentage 

of correct answers on multiple-choice reading tests (FORCAST and Dale–Chall 50%, Flesch 

75%, Gunning Fog 90%, SMOG 100%; Dubay, 2007, p. 111), percentage of correct answers 

on cloze tests (filling the missing words, when e.g. every-fifth word of a text is missing; 

35%, 45%, and 55% correspond with 50%, 75%, and 90% on multiple-choice scores; Dubay, 

2007, p. 83), or rankings by judges (Dubay, 2007, pp. 39, 81). This leads to differences in 

the proposed grade ratings by the formulas: a certain-grade student had to get either e.g. 50% 

or 100% of the answers correct (Dubay, 2007, p. 111). Other reasons for possible differences 

are how compound words and hyphenated words, numbers, slashes, abbreviations, and ac-

ronyms are treated because often the authors of the formulas do not specify that (Zhou et al., 

2017). I will return to this issue later in the methodology section (3.3). Dubay (2007, p. 111) 

states: “What is important is not how the formulas agree or disagree on with one another a 

particular text, but their degree of consistency in predicting difficulty over a range of graded 

texts.” 

Readability formulas have been criticized a lot by researchers (e.g. Bruce et al., 1981; Duffy 

& Kabance, 1981; Bailin & Grafstein, 2001). Dubay (2007) addresses the Duffy and 

Kabance (1981) study in detail:  

The re-written passages appear disjointed and stilted, not what one would expect of 

a 5th-grade text. If these studies are representative of the other passages, we must 

assume that judges were not used to control for the coherence and content of the text. 

(p. 105) 
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Similarly, Olsen and Johnson (1989) address the same study: 

In their study, Duffy and Kabance were trying to directly manipulate the understand-

ing of the words and the syntax of the sentences. However, it seemed to us that they 

were also unintentionally altering other aspects of the text—in particular, the cohe-

sive structures of the text. (p. 224) 

In response to the criticism, readability formulas have received for being poor tools to help 

the writing process, Klare (2000, p. 18) says: “Primarily, a formula is a means of rating a 

piece of writing after it has been written.” Many authors have realized that “writing to the 

formula” has not proven successful (e.g. Davison & Kantor, 1982; Duffy & Kabance, 1981). 

This still does not make the formulas invalid but instead limits their use (Dubay, 2007, pp. 

101–108). On using the formulas, Dubay (2007) states: 

As the experts say, ‘Don’t write to the formula,’ because it is too easy to neglect the 

other aspects of good writing. Readers need the active voice, action verbs, clear or-

ganization and navigation cues, illustrations and captions that draw the reader into 

the text, and a page design that is professional and attractive. More than anything 

else, they need texts that create and sustain interest. (p. 114) 

Another criticism for readability formulas is that “they measure only one aspect of style – 

difficulty” (Klare, 2000, p. 25) and not, for example, the ability to engage the reader. This 

comes back to the interest level of the reader: if the material is interesting, the reader may 

endure harder writing. Stevens et al. (1992) demonstrate the difficulties with using readabil-

ity formulas: it is hard to account for the reader’s pre-existing knowledge, many common 

words have multiple meanings, and longer sentences sometimes may be clearer due to more 

explicit connections between the parts. 

For the purposes of this paper, I do not find there to be a problem applying these formulas, 

since the readership of scientific abstracts is at least university-level students, and often they 

even have extensive backgrounds in their own fields. I mainly analyze the citation impact of 

readability: to get a citation on these databases, one has to write to a public publication—

even university students rarely do this, leaving only postgraduates, researchers, academics, 

and scientists. My analysis is between articles, not between individuals: a single researcher 

reads abstracts and decides which article to pick and cite. This means that even though the 
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reading levels between researchers may vary a lot, the researcher anyway has to pick some 

articles as references, deciding by him of herself. Also, when analyzing every article from 

multiple years in multiple journals, the differences in reading levels of these researchers 

average out. 

The biggest question is, which formulas to use. Next, I present the formulas other authors 

have used to analyze either academic articles or their abstracts. Dowling et al. (2018) calcu-

lated Flesch Reading Ease Score (FRES; Flesch, 1948), Gunning Fog Index (FOG; Gunning, 

1952), and Simple Measure of Gobbledygook (SMOG; Mc Laughlin, 1969). For example, 

Hartley et al. (2002; 2003; 2004) only calculated FRES. Gazni (2011) calculated both the 

FRES and Flesch–Kincaid grade level (FK; Kincaid et al., 1975). Lei and Yan (2016) calcu-

lated both FRES and SMOG. Severance and Cohen (2015) calculated only the Coleman-

Liau Index (CLI; Coleman & Liau, 1975). Didegah and Thelwall (2013b) calculated FRES, 

FK, Automated Readability Index (ARI; Senter & Smith, 1967), CLI, FOG, SMOG, and Lix 

formula (which I will not be using since I have not seen it being used elsewhere and it is not 

supported by any of the Python libraries). Sawyer et al. (2008) calculated FK, ARI, FOG, 

SMOG, FRES, and Lix. Lastly, even though I did not find any researcher who had used the 

Dale–Chall formula (DC, Chall & Dale, 1995) to analyze academic articles, it has been 

widely used in health care studies (e.g. Eloy et al., 2012). 

One question remains: how are the different scores treated? Are they analyzed separately, or 

are they combined? Sawyer et al. (2008) calculated the average from FK, ARI, FOG, SMOG, 

but also used FRES, Lix, and FK individually. Even though Didegah and Thelwall (2013b) 

calculated seven scores in total, after calculating the correlations between each, they only 

used FRES for the rest of the analyses. Dowling et al. (2018) used FRES, FOG, and SMOG 

separately. 

Next, I present the formulas for different scores. As can be seen, each formula has a sentence 

length variable, where shorter sentences result in lower scores. Complex words in FOG and 

SMOG are defined as words that consist of three or more syllables (Gunning, 1952; Mc 

Laughlin, 1969), whereas in DC they are words that are not in the list of 3,000 easy words 

(Chall & Dale, 1995). In FOG, proper nouns, familiar jargon, and compound words are not 

considered as complex words, and common suffixes are not counted as syllables (Gunning, 
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1952). In DC, if the percentage of difficult words is higher than 5%, 3.6365 is added (Chall 

& Dale, 1995). 

Equation 1. Formulas of readability scores. 

𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 =  206.835 − 1.015𝑤𝑤
𝑠𝑠

 −  84.6 𝑠𝑠𝑠𝑠𝑠𝑠
𝑤𝑤

 𝐹𝐹𝐹𝐹 =  0.39 𝑤𝑤
𝑠𝑠

+  11.8 𝑠𝑠𝑠𝑠𝑠𝑠
𝑤𝑤
− 15.59 

𝐶𝐶𝐶𝐶𝐶𝐶 =  0.588 𝑐𝑐
𝑤𝑤

 −  0.296 𝑠𝑠
𝑤𝑤
−  15.8  𝐹𝐹𝐹𝐹𝐹𝐹 =  0.4(𝑤𝑤

𝑠𝑠
+ 𝑐𝑐𝑤𝑤

𝑤𝑤
)  

𝐹𝐹𝑆𝑆𝐹𝐹𝐹𝐹 =  1.0430�𝑐𝑐𝑐𝑐 ∗ �30
𝑠𝑠
� + 3.1291  𝐴𝐴𝐹𝐹𝐶𝐶 =  4.71 𝑐𝑐

𝑤𝑤
+  0.5 𝑤𝑤

𝑠𝑠
−  21.43 

𝐷𝐷𝐶𝐶 =  0.1579 �𝑐𝑐𝑤𝑤
𝑤𝑤
∗ 100� +  0.0496 𝑤𝑤

𝑠𝑠
(+3.6365)  

Where c: number of characters, w: number of words, s: number of sentences, syl: number of syllables, 
cw: number of complex words. 

The issue with SMOG is that it should be used only for passages of 30 sentences or more 

because shorter samples are less accurate (Mc Laughlin, 1969), which means that it should 

not be used for analyzing abstracts that often are less than 30 sentences long, thus I do not 

use it for the abstracts, only for the full texts. As the original authors of the Automated Read-

ability Index (Senter & Smith, 1967) suggest, ARI should be used on a sample of ten pages, 

and a discursive, narrative material, making it unsuitable for analyzing abstracts. Even 

though academic articles are not narrative, they are at least partly cohesive texts, and not 

checklists or operating instructions, which the authors advised against (Senter & Smith, 

1967). I will use ARI for the full texts since other authors have used it, but I will do it with 

caution. Another common formula, FORCAST, is accurate from the 5th to the 12th grade 

(Dubay, 2007, p. 90), which is why I choose not to use it. 

It is to be noted that FRES gives a difficulty score ranging from negative values (extremely 

difficult) to above 100 (extremely easy), whereas the other formulas offer a grade estimate 

corresponding to U.S. grades, meaning that higher scores are associated with lower reada-

bility. 

2.3.2. Readability in academia 

Readability is important for academic articles as well as their abstracts. Csikszentmihalyi 

(1990) proposes that people reach a flow state when the challenge and one’s skills match: 
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not too difficult, but not too easy for the person. This can be applied to readability: if the 

grade level of the text matches the reader’s, the reader enjoys and learns the most (Dubay, 

2007, pp. 4, 99). 

The main contradiction in the readability of scientific articles is that even though the readers 

would read them faster if they were easier, many researchers may consider too easy texts as 

less competent. Armstrong (1980) rewrote conclusion sections of four articles from different 

management journals to make them easier to read without altering content. He (a) eliminated 

unnecessary words (generally adverbs and adjectives), (b) substituted easy words for diffi-

cult ones, and (c) broke long sentences into two sentences (resulting in an average FOG of 

8.9). He also reversed these modifications to create a third version (FOG = 21.5) with even 

harder language than the original (FOG = 15.5). The perceived competencies of the passages 

were then rated by 32 faculty members, resulting in significant differences: the easier ver-

sions were rated less competent. 

In contrast, Oppenheimer (2006) found that university students rated unnecessarily complex 

texts as less intelligent due to lower processing fluency. However, using the jargon of the 

scientific field can be useful, if not necessary. Oppenheimer (2006) stated: 

Similarly, one could imagine that experts in a given field (who are more familiar with 

the jargon) would react differently to simplified essays than novices. For one, the 

experts would find the jargon a great deal more fluent than non-experts. Addition-

ally, a lack of jargon might be a signal that the author is not an in-group member of 

the field; this could lead to simplified writing being negatively associated with intel-

ligence. (p. 152) 

Similarly, Hartley et al. (2002) found that when readers of psychological articles rated arti-

cles more influential, they were also more readable. However, when analyzing the impact 

on citations, this effect was not present. 

Gazni (2011) calculated FRES for around 260,000 abstracts of articles from five most cited 

institutions from 22 subject fields, concluding that abstracts, in general, are very hard to read, 

and finding that less readable abstracts perform better citation-wise. He found differences 

between disciplines. For example, business and economics were one of the easiest disci-

plines with average FRES of 19.6, while medicine and biochemistry were some of the 
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hardest. Though, Gazni (2011) did not find any development in the readability levels over 

time, from 1975 until 2009. He normalized the citation counts by the yearly discipline aver-

age and found a strong negative correlation between readability and citations, meaning that 

more readable articles were cited less. 

Dowling et al. (2018) studied the readabilities of abstracts within articles published in Eco-

nomics Letters and concluded that readability affects citations positively in mostly quantita-

tive and mathematical as well as macroeconomic articles. In contrast, McCannon (2019) 

found that the economics articles with the least readable introductions gained significantly 

fewer citations than other articles. 

In information science, there were no significant correlations between citations and reada-

bility (Lei & Yan, 2015).  

Digedah and Thelwall (2013b) analyzed 16,058 articles from Biology and Biochemistry, 

16,378 articles from Chemistry, and 15,932 articles from Social Sciences finding negative 

correlations in Biology and Biochemistry between abstract readability and citation counts, 

but concluding that the effect is irrelevantly low to have any meaningful impact. 

Hartley et al. (2003b) studied if gender or collaboration impact the readability of abstracts 

or articles finding no differences between genders or between individuals and pairs. How-

ever, they noted that analyzing already published papers, which have gone through the peer-

review process, may lead to some issues. Metoyer-Duran (1993) researched readability lev-

els of abstracts and full-text excerpts of accepted, rejected, and published papers. She found 

that rejected full texts were almost one grade level easier to read than accepted and published 

ones, while there were no differences between the abstracts. 

On the other hand, Hartley et al. (2003a) analyzed 80 educational psychology journal articles 

and concluded that abstracts are the worst readable, then introductions, and the easiest are 

discussions. Even though these sections differed from each other, they correlate highly 

(Pearson: from 0.62 to 0.74). Thus, if an effect is found from abstracts, it should also be 

found from full texts. 

In marketing journals, the readability has also been quite low. Crosier (2005) studied the 

readability scores of 475 articles published in 2003 in 14 different marketing or management 
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journals, concluding that while there are differences between journals, most of them fall into 

the difficult category. The methodological problem he faced was that he had to manually 

convert all the articles to Word documents and then remove disrupting elements such as 

equations and references.  

Bauerly et al. (2005) concluded that the readability of the Journal of Marketing has declined 

rapidly in the 1960s and it has stayed low ever since. They acknowledge the contradiction 

that Armstrong (1980) has pointed out, but still suggest that readability should be improved, 

while shifting the culture of academia to allow more readable articles to be published in these 

journals. Similar trends have been noticed elsewhere, such as in medicine (Severance & 

Cohen, 2015). 

Stremersch et al. (2007) found a small but significant negative interaction between readabil-

ity and citations, i.e. articles that are easier to read tend to perform worse. However, as 

Stremersch et al. (2007) state, “what is said” is more important than “how it is said” or “who 

says it.” 

Sawyer et al. (2008) showed that award-winning marketing articles are slightly more reada-

ble than some articles in the same issues. They were longer page-wise but had shorter sen-

tences.  

Since the evidence so far has been inconclusive, it is hard to say, to which direction reada-

bility should affect the citation counts, if it has an effect at all. 

H16a: Readability of abstracts affects citation counts. 

H16b: Readability of full texts affects citation counts.  
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2.4. Theoretical framework 

In this section, I explain the theoretical framework I use for my analyses. It is based on the 

literature explained in previous sections. The outline and interaction of different elements 

are shown in Figure 1, where two-way arrows indicate a relationship or interaction, but not 

necessarily causation, since there is no theoretical basis for causation (e.g. colons in titles 

affecting citations), dashed one-way arrows indicate a more direct effect from an element to 

citations, the weight of the arrow indicating the strength of the effect. The elements within 

the orange area are related to articles (quality, type, and presentation), purple to authors, 

green to time, and blue to the journal. Table 2 summarizes the hypotheses. 

Figure 1. Theoretical framework. 



32 
 

Table 2. Summary of hypotheses. 

 

  

H1a: Older articles have gained more citations than newer ones, in total. 
H1b: Newer articles have gained more citations during the first five years. 
H1c: Citation performance decays over time. 
H2: The number of self-citations positively affects non-self-citations. 
H3: Journal is the main driver of citations. 
H4: Higher impact factor leads to more citations. 
H5: Articles at the beginning of the issue gain more citations. 
H6: Review articles and meta-analytic studies gain more citations. 
H7a: Higher reference count leads to higher citation rates. 
H7b: Newer references lead to higher citation rates. 
H8a: Award-winning articles gain more citations. 
H8b: Award-winning articles are more readable. 
H8c: Award-winning articles are longer. 
H9: Longer articles gain more citations. 
H10a: Longer articles have more appendices, figures, and formulas. 
H10b: The number of appendices, figures, and formulas affect the citation rate. 
H11: Title length (in number of words or characters) affects citations. 
H12a: Colons, hyphens, and question marks in titles make them longer. 
H12b: Colons, hyphens, and question marks in titles affect citations. 
H13: Past citations drive future citations. 
H14a: Higher productivity leads to higher citations. 
H14b: Higher productivity leads to higher self-citations. 
H15a: Higher collaboration leads to higher citation rates. 
H15b: Higher collaboration leads to a higher self-citation rate. 
H15c: Higher collaboration leads to lower per-author productivity. 
H16a: Readability of abstracts affects citation counts. 
H16b: Readability of full texts affects citation counts. 
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3. Methods 

In this section, I will explain how I acquired, extracted, and prepared, as well as analyzed, 

first, the abstracts and, second, the full texts, as well as other data related to the articles.  

3.1. Description of data 

For the analysis, I picked some of the leading journals in marketing based on the SJR score 

from Scimago Journal & Country Rank (Scimago, 2020), which all are published in the 

English language: 

1. Journal of Marketing (JM, 2000–2019, full texts 2000–2019) 

2. Journal of Marketing Research (JMR, 2000–2019, full texts also) 

3. Marketing Science (MS, 2000–2019) 

4. Journal of Consumer Research (JCR, 2000–2019) 

5. Journal of the Academy of Marketing Science (JAMS, 2000–2019) 

6. Journal of Retailing (JR, 2000–2019) 

7. International Journal of Research in Marketing (IJRM, 1984–2019) 

8. Marketing Theory (MT, 2001–2019) 

9. Journal of Consumer Psychology (JCP, 2000–2019) 

10. Journal of International Marketing (JIM, 2000–2019) 

11. Quantitative Marketing and Economics (QME, 2005–2019) 

12. European Journal of Marketing (EJM, 2005–2017, full texts also, impact factor from 

2008) 

There are three considerations: 1) analysis is limited to articles published in 2014 and before, 

when analyzing five-year citations, 2) when analyzing total citations received until March 

2020, also the articles published after 2014, until 2019, are analyzed, and 3) total citations 

are also analyzed limiting the analysis for articles published in 2014 and before, since this 

way it can be compared to the first analysis. 

In my final dataset, there are 9,350 articles with abstracts in total, and 817 full-text articles 

from JM, 978 from JMR, and 938 from EJM. 

Figure 2 plots the evolution of journal impact factors over time. The data is exported from 

Web of Science. 
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Figure 2. Journal impact factors over time within dataset. 

3.2. Data collection – Abstracts 

To examine large quantities of abstracts, from different journals, I had to come up with a 

way to get the abstracts easily and get the readability scores calculated automatically. Scopus 

allows the user to extract abstracts and other information using CSV files. The issue with 

CSV exporting seemed to be that, as the format suggests, it is a comma-separated file. How-

ever, the information within the fields also includes commas, leading to major interpretation 

issues in Excel and SPSS. However, later I realized that the CSV processor in Python is 

capable of correctly interpreting it. 

The assumed interpretation problem required me to find another way to download the infor-

mation. I started by using JavaScript to web scrape these abstracts from Scopus, but I quickly 

figured that it would go nowhere, and I switched to Python. The next issue was that Scopus 

is hard to be connected through Python because of redirects, while the Scopus API did not 

seem suitable for mass extractions of abstracts. 

The solution was to do the searches manually on the Scopus website, show 200 results per 

page, open one abstract for Scopus to load all of them, then manually save the website into 
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HTML. This way I did not have to worry about redirects, and I was able to get 200 abstracts 

including other article information in a few seconds. 

In retrospect, the wisest move would have been to use the CSV export, trust Python, and try 

it. However, this would not have made a notable difference in getting the information out of 

the files to be, first, processed and, second, analyzed in Python: in short, instead of HTML 

classes, the data would be taken from specific columns in the CSV. The CSV files were 

larger in file size than the HTML files, but I did not make a comparison between the pro-

cessing times of these—the file type does not seem to make a large difference in a process, 

where the most time goes to other tasks such as calculating the readability scores. Using 

HTMLs also prepared me to work with this file type in Python, which proves useful later in 

extracting full texts. 

The downloaded HTML files from Scopus were then modified: abstracts were semi-manu-

ally trimmed of all copyright information using regular expressions with Find in Files func-

tion in Notepad++. This was done because the copyright notices were not regular: some had 

periods, some had more information than others, and so on, affecting the readability scores 

differently for different abstracts. The impact of two or even three very short sentences (e.g. 

“All rights reserved.”) on the readability scores of abstracts that may contain as few as a 

couple of sentences (average just above 7) is very high. 

I used the scholarly module for Python to fetch citation counts in Google Scholar and Web 

of Science. These two numbers include self-citations. The search was based on the title, 

authors, and journal name stored in Scopus. I had to slightly modify the module to work with 

the Finnish version of Scholar. I saved this information to a separate CSV file to have to 

fetch the information only once since it is very slow: one search takes approximately 10 

seconds. To get also the WoS citations from GS, I had to be connected to Aalto VPN. Google 

Scholar has a bot detection which seems to be based on IP: I had to reconnect to the VPN 

after every 10 searches to avoid Google shutting the connection down. The limit for consec-

utive searches from a single IP seems to be somewhere between 15 and 30. To do this, I used 

an AutoHotkey script to run Cisco AnyConnect’s command-line tool, making the process 

work by itself. GS and WoS citation counts were fetched on the 28th and 29th of February 

2020. 
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I got new citation counts from Scopus for all articles on the 2nd and 3rd of March 2020, both 

with and without self-citations. The citations excluding self-citations were retrieved via Sco-

pus’ citation overview and saved as CSV files, from where Python collected them based on 

the article title. By having both citation counts, including and excluding self-citations, I can 

easily extract self-citation counts for further analysis. I also retrieved the five-year citation 

windows from Scopus, but since the length of my analysis is this long, I had to download 

them in two categories, because Scopus gives a maximum of 15 years of citations. Scopus 

also limits the downloads to five different batches of citations (when excluding self-cita-

tions), but this limit is stored within cookies of the web browser and thus easily bypassed by 

using private browsing.  

I also exported the reference and keyword lists assigned to the articles within the Scopus 

database into CSV files for me to automatically get the reference count. 

To get the productivity scores of the authors from their entire publishing history in all jour-

nals, I used the pybliometrics library for Python to connect to the Scopus API. This requires 

being connected to Aalto VPN and an API key assigned to the IP address given by the VPN. 

The license of Aalto allows me to get 5,000 requests (i.e. authors) per week per API key. To 

collect the data for all authors in my dataset, I had to use multiple API keys. By using the 

Author Retrieval function, pybliometrics downloads the author data onto the hard drive, hav-

ing to download them only once. The search was based on the author’s ID stored in Scopus 

databases. The reliability of the IDs is supposedly rather high, not assigning articles to wrong 

authors. 

In some cases, when there were certain special characters in article titles (e.g. &, >, 2), they 

were stored within the CSV files as HTML entities (e.g. &amp;, &gt;, <sup>2</sup>). I used 

Notepad++ to find and replace all of these for the titles to always match. 

To get the impact factors, I used Web of Science (WoS) InCites Journal Citation Reports, 

exporting all years of Journal Impact Factor in Metric Trend to CSV files. 

In short, data was extracted from Scopus in four different ways: HTML, citation overview 

CSVs, bibliometric data CSVs that could have replaced the HTML extraction, and through 

Scopus API. GS and WoS citations were both extracted from GS. Impact factors were re-

trieved from WoS. 
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3.3. Data extraction – Abstracts 

To extract the data from the HTML, I used the Beautiful Soup library for Python. Scopus 

provided the title, authors, publication year, publication name, issue and pages, and the cita-

tion count in Scopus, including self-citations, in addition to the abstract. If the article is Open 

Access, there is also a div classified as openAccessTxt. I took all this information into vari-

ables for further analysis. 

The abstracts that were extracted from the modified HTML files were analyzed through three 

different Python libraries: spacy_readability (readability formulas used: FK, DC, CLI), 

textstat (FK, DC, CLI, FOG), and textatistic (FK, DC, FOG). Other authors as well have 

used Python to calculate readability scores (e.g. Dowling et al., 2018 used textatistic, Lei & 

Yan, 2016 used Readability by NLTK). The package Readability did not seem to offer any 

benefit, but was more complicated to apply, which is why I decided not to use it. Some 

authors have used Microsoft Word (e.g. Gazni, 2011, through API), and others have used 

commercial (e.g. Ardoin et al., 2010; Crossley et al., 2011) or free online software (e.g. 

McCannon, 2019). Using Python allows very fast processing: it is possible to get readability 

scores from abstracts very quickly: around 10–15 abstracts per second.  

It is worth noting that all readability formula calculators seem to offer different values for 

the same texts: online tools, MS Word, and Python libraries, but they are well correlated. 

However, upon further inspection, for example, textstat treats words with hyphens as single 

words, whereas spacy treats them as two separate words, leading to slightly differing reada-

bility scores. There are also differences in sentence and syllable counts in some abstracts. 

The scores correlate highly (all Pearson correlations > .91). However, this means that these 

scores should be analyzed separately (not across each other) or by combining them, and that 

they cannot be compared to the values some other authors may have gotten from their anal-

yses. I decided to combine all the calculated readability scores, giving an average of the 10 

scores from the three libraries (coefficient α = .934). 

I also coded a dummy variable to know which data points are to be deleted. If the abstract is 

not available (it was not in Scopus for any reason), it gets 1. If the title of the article includes 

"Erratum", "Eratum", "Errata", "Editorial", it gets 1. Lastly, articles published in 2020 are 

marked with 1. Otherwise, the variable gets 0. I will later use this in SPSS to delete the 

articles that were coded with 1 (n = 794). This leaves 9,350 articles and abstracts. Other 
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authors (e.g. Stremersch et al., 2007) removed all articles that are 3 pages or shorter to re-

move editorials, reviews, and such. However, the Scopus database misses some page values, 

meaning that I could be deleting articles that are not editorials, or similar not often cited 

articles. 

Stremersch et al. (2007) propose that article order in the issue is a determinant of the article 

quality since an editor would pick the best articles to the beginning of the issue. To get the 

article order, I again use Python. First, I created a dictionary for each journal separately that 

contains all the issues as keys and all of the issue’s articles’ first pages as values for the issue, 

sorted from smallest to largest. Then, when analyzing a specific article, it searches the dic-

tionary for the issue, and checks in which position the current article’s first page is in the list 

of pages for that issue, giving the position in the issue. Thus, the position is coded up from 

1 (first article) to the last article in the issue.  

It would be useful to be able to classify articles based on their content: for example, are they 

review articles or theoretical, are they qualitative or quantitative. However, doing this relia-

bly as a batch job is very hard. Other authors have done this manually (e.g. Stremersch et 

al., 2007), for example, based on keywords in abstracts, or reading the introductions or full 

articles. Scopus offers a list of keywords for some articles but analyzing and grouping them 

would be difficult. And even then, the keywords mostly contain information on the topic, 

not on the type of the article. Dowling et al. (2018) were able to easily classify the articles 

based on JEL Codes (coding used in the Journal of Economic Literature), but there are no 

such classifications in marketing. 

To get the number of authors using Python, I use the data from the CSVs extracted from 

Scopus by splitting the string by “.,” (indicating a new author to be mentioned), then taking 

the length of the list, giving an accurate number of authors. This caused an error in 26 cases, 

24 of which were from 2019 or 2020. These cases are excluded from the analysis. 

To analyze whether author count or any other metric influences the tendency to have more 

self-citations, I calculated a self-citation percentage: how large portion of the citations in 

Scopus come from self-citations: (Scopus total citations – Scopus citations excluding self-

citations) / (Scopus total citations). 
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To measure experience and recognition, I substitute them with productivity and total cita-

tions received by the authors.  

Even though productivity can be calculated in different ways, for the main analysis I chose 

the method that Stremersch et al. (2007) used: productivity being the number of articles 

published within the dataset journals before the article in question. This productivity was 

thus calculated only from the timespan mentioned in the description of data (3.1), and only 

from these journals. So, if an author published only one paper within my dataset, the produc-

tivity would have been 0, even if he may have published dozens of articles in other journals. 

The method only counts articles published in previous years, thus if three articles were pub-

lished within one year, they all would get the same productivity score for that author. The 

method for this was similar to getting the positions within issues. First, in Python, a diction-

ary containing Scopus author IDs as keys was created. The values were a list of publication 

years of articles, which may contain the same year multiple times. Then, when analyzing the 

article in question, its authors’ IDs were used to get the values from the dictionary. Counting 

the number of values smaller than the publication year, I got the productivity value for each 

author. This was then stored individually for the first author, and the other authors combined. 

I also calculated the full productivity history of the authors stored in Scopus, rather similarly 

to the method described above, but in this case, the productivity score included all articles 

published by the author(s) before the article in question. Thus, these articles could have been 

published anywhere, as long as they are stored in the Scopus database, and outside the 

timespans described previously. The main difference was that pybliometrics stored all the 

articles within author objects as a list, with publication time as variables. This list was iter-

ated over, counting the number of articles (document type in Scopus “article”) published in 

earlier years than the analyzed article. 

Similarly, I counted a future productivity score, from articles that were published in years 

after the analyzed article. 

Also, I counted total previous and future citation counts for the authors, similarly to produc-

tivity. The citation counts were based on all citations in Scopus, including self-citations. 

To count the number and novelty of references, I used Python to go through the exported 

CSVs from Scopus, which contained the article information as well as the full list of 
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references within the Scopus database for each article. To get the number of references, I 

split the reference list by semicolon and then got the length of the list. To get the novelty of 

references, I looped through the same list, and using regular expressions, I got the publication 

year for each reference, also counting the number of references with publication years (some 

did not contain publication year since they were to be published in the future). These years 

were summed together and divided by the number of references, getting the average refer-

ence publication year. This was then subtracted from the article’s publication year, giving 

an average age of references. 

3.4. Data collection – Full texts 

To get full texts of articles, I searched in different databases for the journals that I had gotten 

abstracts to, to see if they have HTML full texts. Theoretically, it would be possible to do it 

from PDF files as well, but either they would have to be manually converted to other formats 

or some heavy processing would have to be done. At this point, however, I do not think that 

it offers enough value to the paper to do that. 

ProQuest offers HTML full texts for the European Journal of Marketing, for almost all arti-

cles published in the past 15 years. I limited my search to 2005 and newer. To be able to 

quickly download many full texts, I used DownThemAll! extension for Firefox. ProQuest 

also has a bot detection, requiring the user to complete a captcha after a certain number of 

downloads, which seemed to vary between 30 and 70. I was usually able to download a page 

of 50 results in one go, then on the next page trying to download the next 50, at some point, 

the downloads would fail and I would have to complete the captcha, and re-download the 

next 50 articles. Ultimately, I had in total 1197 HTML full texts with generic names, since 

it was not possible to extract the DOI with DownThemAll!. I created a Python program to 

rename the files based on the DOI of the article. This way, I can easily open the correct full-

text file based on the abstract HTML files by using the DOI. 

I also downloaded HTML full texts for the Journal of Marketing and Journal of Marketing 

Research directly from SAGE’s database. The method was similar, except in SAGE, the 

URLs for the files included the DOI, which meant that they did not have to be renamed 

afterward. 
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3.5. Data extraction – Full texts 

Even the HTML files need some work to be able to extract the actual full text of the article, 

and then to be able to split it into different parts: introduction and discussion. Hartley et al. 

(2003a) also studied abstracts, introductions, and discussions, realizing that doing the work 

even manually can be very challenging due to differences in formatting and content: the 

articles may have summaries, conclusions, and/or discussions. Hartley et al. (2003a, p. 391) 

deleted any subheadings and long quotations from their analyses because they wanted to 

“make the texts of the Introductions and the Discussions comparable.” Doing this for the 

HTMLs reliably would require manual work because the quotations and subheadings are not 

always labeled in any way. Also, I do not agree with this method in principle: headings make 

texts easier to read since an organized text is more readable (Dubay, 2007, p. 5). To combat 

this question, I decided to add periods to the ends of the headings. This makes sure that they 

are calculated as their own (short) sentences, slightly reducing the score for each formula. I 

chose this method because articles are their own entities and I analyze the readabilities of 

the entire articles, not the body texts. 

I counted the readability scores by using both spacy_readability (FK, DC, CLI, ARI, 

SMOG), and textstat (FK, DC, CLI, ARI, SMOG, FOG), but this time not with textatistic, 

because it resulted in errors in almost every case. I calculated an average score from all the 

11 scores for full texts, introductions, and discussions separately (all coefficient α > .923). It 

is worth noting that the full-text scores were calculated including introduction and discussion 

texts. 

Next, I will discuss the methods by which the full texts were extracted from the HTML files 

for the three journals and give some details on them. 

3.5.1. Journal of Marketing 

The HTML files for JM full texts were rather well-formatted and similar to each other, al-

lowing for a single solution to be applied to extracting the full texts and introductions and 

discussions. In Python, using Beautiful Soup, I first counted the number of appendices, quo-

tations, figures and formulas (that are separate from the rest of the text as their own classes), 

before removing these and other divs that contained unnecessary text such as notes and ac-

knowledgments, as well as tables, references, etc. to only leave out the actual text and head-

ings. In theory, it would be possible to count also the number of tables and appendices, but 
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appendices were not always labeled and the tables may have been something else than actual 

tables, such as notes or formulas, which is why I chose not to count them. I created a dummy 

variable to signify studies that mention formulas based on the number of formulas in the full 

text: if there were zero, the dummy became zero, if more, the dummy became one. 

To get the full text, which was contained within class hlFld-Fulltext, I used the get_text 

function of Beautiful Soup with a space as a separator, because otherwise the divs would be 

written together because they did not contain any separators at the ends. However, the in-

text citations and many other elements were contained within their own divs, which resulted 

in some extra spaces, for example around the brackets. I used Python’s replace function to 

remove them. The section headings were always in class sectionHeading (with a few excep-

tions, explained below), and subheadings were classified as head-b and head-c. Quotes were 

not always labeled with a separate class, making it impossible to remove all of them from 

the analysis. When they were within the quote class, I was able to remove them. 

To separate the introduction, I split the full text from the first section heading (that did not 

contain Introduction—even though introductions did not seem to have headings, there may 

have been a couple of exceptions). This method found the introduction in all cases (n = 824).  

As Hartley et al. (2003a) noted, some of the articles had a discussion, some had a conclusion 

and some implications. To separate the discussion, I had to search for multiple terms: Dis-

cussion, Conclusion, Limitations, Implications, Concluding, Directions, Further, Summary, 

General, and Final, since the headings were not consistent. Whichever title first contains one 

of these words becomes the cutting point, after which the discussion is taken. In some cases, 

where the discussion was not initially found, the discussion was under a head-b or head-c 

class, not under sectionHeading, in which case I manually changed the class in the HTML 

file to avoid using subheadings to find discussions, which would have made the heading-

finding process more elaborated, since sometimes the individual studies had discussions, 

under head-b or head-c, which could have resulted in errors in interpretation, and eliminating 

them automatically could be difficult. In a few cases, the article contained a discussion, but 

it was named in a non-generic way. In these cases, I manually renamed these section head-

ings to contain the word Discussion. Ultimately, this method found the discussion in each 

but 7 cases, which did not contain a discussion, since they were commentaries, 
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bibliographies, or editorials that were not identified previously. I deleted these cases from 

the analysis. 

The discussions were too short in 34 cases, and introductions in 286 cases for SMOG (see 

2.3.1 for explanation), in which case it is not calculated and applied to the average count. 

3.5.2. Journal of Marketing Research 

The method for extracting the full texts for JMR was the same as JM. In this case, introduc-

tions were found in each case and discussions in each but 10 cases, which were either short 

commentaries or editorials and thus removed from the analysis. The discussions were too 

short in 155 cases, and introductions in 467 cases for SMOG, in which case it is not calcu-

lated and applied to the average count. 

3.5.3. European Journal of Marketing 

The process was similar to JM in many respects: in Python, any extra texts—illustrations, 

headnotes, references, tables, appendices, footnotes, extra links, and copyright infor-

mation—were removed, and the full text, which was in the class readableContent, was then 

extracted. I did not count the number of figures, quotations, or formulas similarly to as in 

JM and JMR since they were not properly labeled, which would have led to inaccurate data, 

though I did count appendices.  

I ran into some issues with the formatting of the full-text files. The section headings (Intro-

duction, Methods, etc.) were sometimes formatted with b tags, sometimes not: when they 

were, it was easy to find the sections. If the headings were not within b tags, I found all the 

paragraphs that started with a capital letter and were less than 70 characters long. To elimi-

nate list elements from being treated as headlines, only paragraphs that did not end in a 

period, semicolon, or colon, were assigned to the list of headings to be used to find the sec-

tions. 

To get the introductions, I first tried to find them based on headings identified previously. 

This was done by finding the next heading after a heading that includes “Introduction” or 

“1.1”, splitting the full text based on the full heading, and taking the preceding part. This is 

the best way to find the introduction, but it did not work all the time. In three cases there 
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were no headings because the articles were short commentaries not identified previously. I 

removed these three articles from the analysis. 

To get the discussion, I found the heading that includes any of the words: Discussion, Con-

clusion, Reflection, Limitations, Implications, Concluding, Directions, Further, Summary, 

General, or Final. Whichever of these words appeared first in the list of headings was the 

cutting point, from which on forward the discussion was taken. This method found the dis-

cussion in each but 16 cases, which ended up not having discussions at all. Out of these, I 

removed 8 articles completely from the analysis, since they were either bibliographies, short 

commentaries, or editorials that were not identified before. Bibliographies are not suitable 

for readability analysis since their style is so vastly different. The rest 8 articles were in-

cluded in the analyses, except for those relating to the discussion. 

The discussions were too short in 73 cases, and introductions in 452 cases for SMOG, in 

which case it is not calculated and applied to the average count. 
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4. Analysis 

In this section, I first explain how I prepared the data in SPSS, both abstracts and full texts, 

and then what analyses I conducted on them. 

4.1. Data preparation in SPSS – Abstracts 

In SPSS (version 26), I first deleted the data points that were marked with 1 in the delete 

dummy variable.  

There were also some duplicate cases (n = 32), which I identified using SPSS and then de-

leted one of the duplicates. 

I manually also added a dummy variable for awards (1 for winning the award, 0 otherwise) 

for the articles. They were either dissertation, best article, or long-term impact awards. It 

was not possible to do this automatically since the award-winning articles were very often 

misspelled (JM, JMR, JCR), or the title was worded a little bit differently from the final 

published version, or in the case of JAMS, they only mention the authors, who are listed in 

a different order from the article, and they have even misspelled some of them. IJRM winner 

list was only one that was maintained properly. Partial winner lists were found for JCP from 

2009, and QME from 2007. JR does not keep a list of winners of their Davidson award, only 

a couple of social media posts were found. I did not find any mention of awards for MS, MT, 

JIM, or EJM.  

Next, I tried to identify literature reviews. I created a dummy variable for literature review 

articles: if the article title contains “literature” and “review”, it gets 1 (n = 28), otherwise 0, 

and I checked the titles manually. I also searched in the abstracts for “literature” and “re-

view,” coding a new dummy variable as 1 if it contained them (n = 316), 0 if not. I did this 

with the Compute variable function’s “If…”, for example, CHAR.INDEX(UPCASE(Ab-

stract),"REVIEW") > 0. In short, it capitalizes the abstract and looks for the capitalized “re-

view” in it, to avoid having to search for different capitalizations. The char.index function 

gives an index greater than 0 if the string is found within the main string. 

Then, I read through the abstracts that were coded with ones to see whether the article is a 

literature review. If it was not clear from the abstract, I used the full text to determine it. 

These two dummy variables based on the title and abstract, coupled with the manual work 
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resulted in a third variable which was a “definitely identified” literature review, 1 when it 

was (n = 307), 0 otherwise. Then, I also searched for “meta-analysis” or “meta-analytic” to 

find meta-analytic studies, both in the title and in the abstract, coding it as 1 when it was 

found (n = 157), 0 otherwise. 

However, this method is not able to find all the literature review or meta-analytic studies. 

Other authors have suggested using the number of references (Ketcham & Crawford, 2007) 

for determining a literature review. It seems that some authors who have studied citation 

factors have not specified how they have identified literature reviews. Others (e.g. Aksnes, 

2003b) have used the classification provided by Web of Science. However, even WoS has 

failed to correctly identify some literature reviews: examples of false positives are Zhang et 

al. (2013) and Read et al. (2009), and of false negatives is Kedzior and Allen (2016). This 

failure in identification seems to be linked to the way WoS identifies reviews: either based 

on the number of references, or the words “review,” “meta-analysis,” or “meta-analytic” 

appearing in the title (although there were some exceptions where it was not clear what 

method was used to identify the type, yet some of which were false positives, suggesting 

another automatic detection method). WoS (2018) defines reviews as: “A renewed study of 

material previously studied. Includes review articles and surveys of previously published 

literature. Usually will not present any new information on a subject.” Similarly, Scopus 

offers a classification for review articles, but it is very unreliable, containing editorials, em-

pirical studies, etc. However, it is likely not possible to reliably determine the type of articles 

without manual work.  

In the end, I decided to use the above methods (title, abstract keywords, WoS, and the num-

ber of references) together, and manually check the positively identified articles’ full texts 

whether they were literature reviews. This way I was able to get the largest number of liter-

ature reviews reliably. It is worth noting, however, that even with this method, most likely 

some literature reviews were not identified. 

The method to identify the literature reviews manually was straightforward: if the article 

contained hypotheses, hypothesis testing, mentions of samples or data, and results, it was 

not considered a literature review. However, if the authors presented data or results from 

other studies, the article was still classified as a review. There was a gray area, where the 

article could be considered a review article since most of it was for the review, but still, it 
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contained some hypothesis testing. These types of articles I did not consider as literature 

reviews. On the other hand, if the authors proposed a framework, or such, but did not test its 

validity, I classified the article as a review. 

4.2. Data preparation in SPSS – Full texts 

I was able to use the data from the previous analyses, including the literature reviews, award-

winning articles, and the number of references. Firstly, I deleted all the articles that were 

supposed to, explained in the previous section. Then, I removed all the zeros and incorrect 

values from the readability scores so that they are not interfering with the analyses. Lastly, I 

calculated average grade levels for full texts, introductions, and discussions, both for the 

values from spacy_readability (FK, DC, CLI, ARI, SMOG) and textstat (FK, DC, CLI, ARI, 

SMOG, FOG). At this point, I noticed that spacy_readability gives much higher scores from 

SMOG than any other formula and much higher SMOG scores than textstat. However, they 

are very highly correlated but seem to be shifted upwards for some reason. It is probably 

caused by the way the libraries count complex words since the formulas themselves were 

correct. I decided to disregard this shift and used the scores as they were calculated. 

4.3. Data analysis in SPSS 

To analyze the citation factors, I conducted three types of analyses: correlation, ANOVA, 

and negative binomial multiple regression. 

I ran similar analyses to the data for both abstracts and full texts. When analyzing full-text 

values, the analyses also included readability scores of full text, introduction, and discussion, 

and the number of quotes, formulas, figures, and appendices. 

To see whether there are differences in readabilities of different types of articles and journals, 

I conducted ANOVAs on different categories: award-winning articles, literature reviews, 

meta-analytic studies, author count, and journals. I also conducted t-tests to test the differ-

ences in readabilities between different sections of articles. 

Earlier, I discussed the problem with using zero-inflated regression models in analyzing ci-

tation counts. Figure 3 (limited to 200 citations and below) shows that in my dataset, there 

are rather few zero counts. To validate the robustness of my regression analyses, I used 

Cook’s distance to eliminate any outliers that might impact the regression coefficients 
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highly. While there are not any definitive Cook’s distance threshold values to use (Pinho et 

al., 2015), there were only 171 cases with values over .001, and the rest 5,966 cases were 

below that. Having tried different values and calculating new regression models, essentially, 

there were not any significant differences to the original regression model. And as Pinho et 

al. (2015) advice, it is not always even recommended to remove the most influential cases. 

  
Figure 3. Frequency of five-year non-self-citations.  
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5. Findings 

In this section, I present all the findings from analyses, first the findings from abstracts, then 

later the full-text findings. The following results are always from all the 12 marketing jour-

nals unless stated otherwise. Table 3 presents the correlation matrix of all the significant 

citation factors. Table 5 presents the negative binomial regression models, calculated from 

articles published in 2014 and before, and 2019 and before. Unless stated otherwise, I will 

refer to values calculated from articles published in 2014 and before. 

Table 3. Correlation matrix of citation factors of marketing journals until 2014. 

Significant correlations (p < .05) bolded.  

5.1. Main citation factors in marketing 

In this section, I present the main citation factors in marketing that were found from analyz-

ing the abstracts and other article information. In short, the significant factors are journal, 

  1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 

1. Five-Year  
Non-Self-Citations 

1 .691 .154 .456 .429 .143 .072 .062 .047 .189 -.050 -.003 .035 .024 .073 .054 .058 -.041 .024 -.044 -.044 

2. Total 
Non-Self-Citations .691 1 .041 .320 .469 .153 .078 .052 .018 .120 -.075 -.011 .016 .016 .017 -.034 -.050 -.056 .035 .260 .265 

3. Impact Factor .154 .041 1 .133 .097 .038 -.009 .000 -.176 .053 -.003 -.019 -.028 -.039 .054 .167 .198 .130 .002 -.199 -.224 

4. Five-Year  
Self-Citations 

.456 .320 .133 1 .869 .115 .089 .025 .064 .179 -.064 .005 .026 .016 .153 .063 .129 -.052 .020 -.013 -.018 

5. Self-Citations .429 .469 .097 .869 1 .144 .087 .030 .056 .157 -.082 -.005 .022 .003 .124 .018 .060 -.061 .022 .168 .160 

6. Award Winner .143 .153 .038 .115 .144 1 .011 -.007 .029 .013 -.024 -.050 -.026 -.015 .013 .002 .038 -.093 -.055 .039 .043 

7. Literature Re-
view 

.072 .078 -.009 .089 .087 .011 1 -.016 .073 .285 -.022 -.037 -.027 .047 -.018 .052 -.012 -.021 .034 .030 .030 

8. Meta-Analytic .062 .052 .000 .025 .030 -.007 -.016 1 .007 .079 .014 -.009 .097 .029 .030 .025 .037 -.006 .035 -.022 -.019 

9. Page Length .047 .018 -.176 .064 .056 .029 .073 .007 1 .461 .050 .055 .027 .067 .066 -.062 -.030 -.265 .103 -.101 -.086 

10. Number of Ref-
erences 

.189 .120 .053 .179 .157 .013 .285 .079 .461 1 .065 .054 .005 .107 .090 .048 .020 -.137 .195 -.170 -.159 

11. Average Refer-
ence Age 

-.050 -.075 -.003 -.064 -.082 -.024 -.022 .014 .050 .065 1 -.007 -.013 .012 -.050 -.015 -.002 .013 .017 -.155 -.151 

12. Title Words -.003 -.011 -.019 .005 -.005 -.050 -.037 -.009 .055 .054 -.007 1 .063 .381 .076 -.029 .014 -.018 .070 -.026 -.019 

13. Hyphen in Title .035 .016 -.028 .026 .022 -.026 -.027 .097 .027 .005 -.013 .063 1 .055 .040 -.008 -.002 -.008 .024 -.003 -.005 

14. Colon in Title .024 .016 -.039 .016 .003 -.015 .047 .029 .067 .107 .012 .381 .055 1 .044 -.020 -.016 -.014 .034 -.025 -.020 

15. Author Count .073 .017 .054 .153 .124 .013 -.018 .030 .066 .090 -.050 .076 .040 .044 1 .053 .478 -.032 .047 -.134 -.129 

16. First Author 
Productivity 

.054 -.034 .167 .063 .018 .002 .052 .025 -.062 .048 -.015 -.029 -.008 -.020 .053 1 .131 -.015 -.010 -.191 -.195 

17. Other Authors’ 
Productivity 

.058 -.050 .198 .129 .060 .038 -.012 .037 -.030 .020 -.002 .014 -.002 -.016 .478 .131 1 .018 -.017 -.304 -.298 

18. Position in Is-
sue 

-.041 -.056 .130 -.052 -.061 -.093 -.021 -.006 -.265 -.137 .013 -.018 -.008 -.014 -.032 -.015 .018 1 -.031 -.094 -.108 

19. Abstract Read-
ability 

.024 .035 .002 .020 .022 -.055 .034 .035 .103 .195 .017 .070 .024 .034 .047 -.010 -.017 -.031 1 -.009 -.004 

20. Years -.044 .260 -.199 -.013 .168 .039 .030 -.022 -.101 -.170 -.155 -.026 -.003 -.025 -.134 -.191 -.304 -.094 -.009 1 .988 

21. Years2 -.044 .265 -.224 -.018 .160 .043 .030 -.019 -.086 -.159 -.151 -.019 -.005 -.020 -.129 -.195 -.298 -.108 -.004 .988 1 
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time, self-citations, winning an award, type of article, page length, number and recency of 

references, hyphen and colon in titles, and maybe productivity.  

The main analyses were performed using non-self-citations in Scopus as a dependent varia-

ble. However, the results are almost identical when using Google Scholar or Web of Science 

citations as dependent variables, with minor weight and significance differences. 

Appendix 1. 30 best-performing articles as per five-year citations and Appendix 2. 30 best-

performing articles as per total citations list the 30 best-performing articles in my dataset, 

according to residuals from the final generalized linear models, respectively for five-year 

and total citations (all articles until 2019). Thus, these articles performed much better than 

the models would have predicted. There are essentially three themes: methodological arti-

cles, articles on brands, and articles on word of mouth, in addition to some individual articles 

on other topics. 

5.1.1. Time 

Time is used in two ways. First, years after publication are used both as themselves and as 

years squared. Years squared is removed from the five-year citation analysis, since the anal-

ysis window remains constant, and years themselves only adjust for differences in journals’ 

impact factors’ evolution. 

In total citation counts, as years increase, so do citations, but as squared years increase—i.e. 

the further from the publication, the stronger the effect—the fewer citations articles receive. 

This supports the notion that citation performance decays over time. 

In five-year citation counts, the only significant nested year covariates are negative, meaning 

the newer the article, the more five-year citations it is likely to receive. 

Time works as hypothesized: H1a–c are supported. 

5.1.2. Journal 

Journal is one of the main drivers of citations. Table 4 shows the mean values of citations 

articles have received in each journal. On average, articles published in JM have received 10 

times more citations in total than articles published in QME. Most of the differences between 

journals are significant, according to ANOVA. 
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Even though journals as regression predictors are not all significant, it is clear that some 

journals are more cited than others, supporting H3. By removing journal from factors, and 

using impact factor as a covariate instead, impact factor becomes a significant predictor of 

citations. Impact factor is also correlated with citations (five-year: .154; p < .001). H4 is 

supported. 

Table 4. Descriptives of journal-specific citation counts. 

 

 Journal N M SD SE 95% Lower 95% Upper Min Max 

Total  
Non-Self-
Citations 

JM 866 153.72 295.530 10.043 134.01 173.43 0 5921 
JMR 1056 76.32 167.079 5.141 66.23 86.41 0 2472 
MS 1017 45.49 91.609 2.873 39.85 51.13 0 1521 
JCR 1261 81.14 173.769 4.893 71.54 90.74 0 3245 

JAMS 845 95.68 203.015 6.984 81.97 109.39 0 2713 
JR 650 80.58 193.407 7.586 65.69 95.48 0 2830 

IJRM 704 40.89 97.450 3.673 33.68 48.10 0 1197 
MT 463 31.48 65.907 3.063 25.46 37.50 0 752 
JCP 896 41.28 77.742 2.597 36.19 46.38 0 893 
JIM 392 49.14 55.080 2.782 43.67 54.60 0 353 

QME 202 15.24 23.516 1.655 11.98 18.51 0 154 
EJM 997 28.86 39.914 1.264 26.38 31.34 0 395 

Total 9349 67.07 160.072 1.656 63.82 70.31 0 5921 

Five-Year 
Non-Self-
Citations 

JM 684 51.09 52.409 2.004 47.16 55.03 1 703 
JMR 866 27.64 36.003 1.223 25.24 30.05 0 439 
MS 809 20.01 24.429 .859 18.33 21.70 0 238 
JCR 1035 28.47 42.379 1.317 25.88 31.05 0 994 

JAMS 616 38.90 99.482 4.008 31.03 46.77 1 1950 
JR 509 30.33 50.265 2.228 25.95 34.70 0 838 

IJRM 483 17.93 22.115 1.006 15.95 19.91 0 207 
MT 338 15.86 24.873 1.353 13.19 18.52 0 270 
JCP 682 18.03 28.210 1.080 15.91 20.15 0 323 
JIM 318 20.87 18.595 1.043 18.82 22.92 0 126 

QME 151 9.36 11.144 .907 7.57 11.16 0 69 
EJM 791 15.75 13.797 .491 14.79 16.72 0 93 

Total 7282 26.20 45.076 .528 25.16 27.23 0 1950 
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Table 5. Final generalized linear model. Marketing journals until 2014 and 2019. 

 

 Total Citation Counts 2014 Total Citation Counts 2019 Five-Year Citation Counts 2014 
Parameter B SE Wald χ2 Sig. B SE Wald χ2 Sig. B SE Wald χ2 Sig. 
Intercept .801 .5783 1.916 .166 -.127 .2264 .312 .576 2.476 .2024 149.634 .000 

JM 1.130 .6871 2.707 .100 .735 .2314 10.098 .001 1.031 .2015 26.176 .000 
JMR 1.441 .6646 4.698 .030 1.266 .2334 29.438 .000 .860 .1911 20.240 .000 
MS 1.031 .6787 2.307 .129 .582 .2294 6.438 .011 .103 .1976 .273 .601 
JCR 1.110 .6368 3.036 .081 1.017 .2230 20.808 .000 .732 .1815 16.240 .000 

JAMS 1.510 .6814 4.909 .027 1.079 .2286 22.266 .000 .514 .1973 6.789 .009 
JR .817 .7221 1.280 .258 1.102 .2526 19.022 .000 .215 .2162 .994 .319 

IJRM -.374 .7253 .265 .607 .300 .2351 1.630 .202 .523 .2225 5.513 .019 
MT -.097 .8111 .014 .905 -.028 .2625 .011 .916 .535 .2511 4.542 .033 
JCP .541 .6882 .617 .432 .433 .2333 3.441 .064 .719 .2036 12.467 .000 
JIM .858 .8038 1.140 .286 .593 .2769 4.584 .032 .539 .2455 4.824 .028 

QME -2.163 1.3736 2.480 .115 -1.634 .3932 17.273 .000 -.720 .3950 3.318 .069 
EJM 0 . . . 0 . . . 0 . . . 

Scopus Self-Citations .075 .0030 615.354 .000 .077 .0029 682.745 .000 .104 .0050 437.529 .000 
Award Winner .651 .0801 66.146 .000 .611 .0716 72.802 .000 .664 .0802 68.610 .000 

Literature Review .224 .0869 6.619 .010 .253 .0725 12.204 .000 .242 .0876 7.656 .006 
Meta-Analytic .515 .1243 17.169 .000 .519 .0985 27.777 .000 .450 .1249 12.965 .000 
Page Length .014 .0033 17.578 .000 .015 .0028 27.247 .000 .010 .0033 9.480 .002 

# of References .006 .0006 87.156 .000 .006 .0005 139.662 .000 .006 .0006 93.003 .000 
Avg. Reference Age -.018 .0024 54.647 .000 -.022 .0020 123.366 .000 -.019 .0024 63.694 .000 

Title Length in Words -.004 .0036 1.088 .297 -.006 .0030 4.081 .043 -.005 .0036 1.755 .185 
Hyphen in Title .047 .0284 2.757 .097 .057 .0247 5.342 .021 .071 .0287 6.063 .014 
Colon in Title .100 .0272 13.495 .000 .094 .0235 15.774 .000 .064 .0276 5.346 .021 
Author Count .011 .0153 .549 .459 .017 .0127 1.856 .173 .012 .0154 .655 .418 

First Author’s Prod. .001 .0025 .298 .585 .009 .0017 27.187 .000 .003 .0025 1.198 .274 
Other Authors’ Prod. -.003 .0016 3.827 .050 .000 .0011 .055 .815 -.003 .0016 3.089 .079 

Position in Issue .000 .0034 .003 .955 -.006 .0030 3.850 .050 -.003 .0034 .917 .338 
Abstract Readability -.005 .0071 .399 .528 .000 .0063 .000 .984 -.012 .0072 2.913 .088 

JM * Years .270 .0669 16.292 .000 .482 .0279 298.002 .000 -.009 .0105 .759 .384 
JMR * Years .161 .0591 7.377 .007 .331 .0274 146.158 .000 -.032 .0092 12.459 .000 
MS * Years .146 .0641 5.162 .023 .375 .0270 193.285 .000 .005 .0107 .180 .672 
JCR * Years .201 .0522 14.789 .000 .370 .0245 228.451 .000 -.021 .0082 6.813 .009 

JAMS * Years .121 .0645 3.513 .061 .344 .0272 160.572 .000 .001 .0099 .012 .914 
JR * Years .195 .0773 6.351 .012 .315 .0353 79.796 .000 .016 .0120 1.838 .175 

IJRM * Years .421 .0789 28.503 .000 .475 .0324 214.422 .000 -.043 .0126 11.740 .001 
MT * Years .335 .1049 10.188 .001 .491 .0426 132.948 .000 -.078 .0167 22.098 .000 
JCP * Years .261 .0692 14.260 .000 .444 .0295 226.226 .000 -.061 .0107 32.254 .000 
JIM * Years .184 .0932 3.893 .048 .373 .0413 81.450 .000 -.043 .0144 9.098 .003 

QME * Years .593 .2514 5.561 .018 .671 .0877 58.618 .000 .013 .0333 .156 .693 
EJM * Years .296 .1133 6.810 .009 .475 .0478 98.628 .000 -.007 .0144 .243 .622 
JM * Years2 -.006 .0026 5.483 .019 -.014 .0013 121.668 .000 

JMR * Years2 -.003 .0023 1.240 .265 -.009 .0012 51.827 .000 
MS * Years2 -.001 .0025 .333 .564 -.010 .0013 66.898 .000 
JCR * Years2 -.003 .0020 2.678 .102 -.010 .0011 78.484 .000 

JAMS * Years2 .001 .0025 .045 .832 -.008 .0012 41.349 .000 
JR * Years2 -.002 .0030 .252 .616 -.006 .0016 16.775 .000 

IJRM * Years2 -.014 .0031 19.434 .000 -.016 .0015 110.991 .000 
MT * Years2 -.012 .0043 7.199 .007 -.018 .0021 74.573 .000 
JCP * Years2 -.007 .0028 5.763 .016 -.014 .0014 101.148 .000 
JIM * Years2 -.004 .0035 1.208 .272 -.011 .0018 35.632 .000 

QME * Years2 -.021 .0119 3.106 .078 -.025 .0050 24.895 .000 
EJM * Years2 -.007 .0054 1.899 .168 -.016 .0027 34.977 .000 
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5.1.3. Self-citations 

One of the main drivers of future citations—that is also in the control of the author—is the 

number of self-citations. They are highly correlated (.456, p < .001). In the linear regression 

model, it is not a very strong predictor (five-year: B = .104; total: B = .075), but it is the 

statistically most significant one. It is the most robust covariate: even when analyzing only 

award-winning articles, it stays significantly positive. Thus, H2 is supported.  

Self-citations can also be modeled with multiple linear regression (Table 6), giving very 

similar results as non-self-citations (Table 5. 

5.1.4. Types of articles 

Here I present the findings of the types of articles and the effects they have on citations. 

Award-winning articles 

After journals, winning an award is the most major predictor of future citations according to 

the linear model (five-year: B = .664; total: B = .651; p < .001). According to the ANOVA, 

the difference in yearly citation counts between award-winning and non-winning articles is 

significant (five-year: Mwin = 63.2, Mnon-win =  24.1, F(1, 6791) = 141.3; total: Mwin = 258.1, 

Mnon-win = 83.0, F(1, 6792) = 163.61; p < .001). Award winning is also correlated highly with 

citations (five-year: .143; total: .153; p < .001). 

Literature reviews 

Literature reviews are correlated with citation counts (five-year: .072; total: .078; p < .001), 

and it is the third largest covariate in the linear model (five-year: B = .242; total: B = .224, 

p < .01). ANOVA also shows a significant difference between literature reviews and non-

literature review articles (five-year: Mlit = 50.1, Mnon-lit =  43.6, F(1, 6791) = 35.67; total: 

Mlit = 179.7, Mnon-lit = 85.4, F(1, 6792) = 41.55; p < .001). 

Meta-analytic studies 

Meta-analytic studies are also seen useful by authors, and thus they correlate with citation 

counts (five-year: .062; total: .052; p < .001). In the linear model, it is the second largest 

covariate (five-year: B = .450; total: B = .515, p < .001). The analysis of variance also shows 

a significant difference (five-year: Mmeta = 48.7, Mnon-meta =  43.7, F(1, 6791) = 26.24; total: 

Mmeta = 181.3, Mnon-meta = 86.7, F(1, 6792) = 18.35; p < .001). 
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Table 6. Generalized linear regression model of self-citations. Marketing journals until 2014. 

 Total Self-Citation Counts 2014 Five-Year Self-Citation Counts 2014 
Parameter B SE Wald χ2 Sig. B SE Wald χ2 Sig. 
Intercept -2.135 1.2379 2.974 .085 -.492 .3204 2.361 .124 

JM -.003 1.2972 .000 .998 .360 .3124 1.328 .249 
JMR .560 1.2877 .189 .664 .262 .3056 .736 .391 
MS .637 1.2995 .240 .624 -.007 .3136 .001 .982 
JCR .193 1.2690 .023 .879 .682 .2958 5.317 .021 

JAMS .535 1.2920 .172 .679 .725 .3106 5.450 .020 
JR .030 1.3238 .001 .982 -.098 .3318 .086 .769 

IJRM .312 1.3230 .055 .814 .350 .3336 1.099 .294 
MT -4.119 4.1615 .980 .322 .138 .6763 .042 .838 
JCP .040 1.3442 .001 .976 .180 .3385 .283 .595 
JIM 1.732 1.3957 1.541 .215 .556 .3588 2.403 .121 

QME -4.237 3.3431 1.606 .205 -.723 .7486 .934 .334 
EJM 0 . . . 0 . . . 

Award Winner .553 .0869 40.529 .000 .532 .0910 34.138 .000 
Literature Review .259 .1072 5.829 .016 .282 .1127 6.246 .012 

Meta-Analytic .168 .1390 1.462 .227 .087 .1468 .351 .554 
Page Length .024 .0041 35.651 .000 .016 .0043 15.012 .000 

# of References .006 .0007 86.987 .000 .006 .0007 70.463 .000 
Avg. Reference Age -.014 .0028 25.955 .000 -.019 .0033 34.754 .000 

Title Length in Words .000 .0042 .003 .954 .000 .0045 .003 .956 
Hyphen in Title .102 .0333 9.451 .002 .116 .0355 10.696 .001 
Colon in Title -.004 .0324 .013 .908 .018 .0348 .257 .612 
Author Count .174 .0178 95.490 .000 .162 .0189 74.173 .000 

First Author’s Prod. .006 .0028 3.937 .047 .008 .0030 6.921 .009 
Other Authors’ Prod. .006 .0018 12.324 .000 .007 .0019 12.651 .000 

Position in Issue -.010 .0041 6.466 .011 -.012 .0043 7.195 .007 
Abstract Readability -.005 .0085 .313 .576 -.005 .0090 .264 .608 

JM * Years .366 .0723 25.584 .000 .025 .0122 4.208 .040 
JMR * Years .259 .0663 15.245 .000 .033 .0111 9.006 .003 
MS * Years .201 .0740 7.360 .007 .040 .0132 9.341 .002 
JCR * Years .361 .0587 37.900 .000 .006 .0099 .319 .572 

JAMS * Years .286 .0711 16.179 .000 -.026 .0121 4.414 .036 
JR * Years .274 .0852 10.331 .001 .023 .0147 2.551 .110 

IJRM * Years .292 .0854 11.691 .001 -.004 .0149 .089 .765 
MT * Years 1.506 1.0298 2.139 .144 .055 .0774 .502 .479 
JCP * Years .331 .1017 10.590 .001 .012 .0158 .620 .431 
JIM * Years .019 .1089 .029 .865 -.037 .0181 4.229 .040 

QME * Years 1.135 .7066 2.579 .108 .020 .0756 .069 .792 
EJM * Years .272 .2804 .938 .333 -.013 .0298 .185 .667 
JM * Years2 -.011 .0028 13.995 .000 

JMR * Years2 -.007 .0025 6.975 .008 
MS * Years2 -.004 .0029 2.076 .150 
JCR * Years2 -.011 .0023 23.661 .000 

JAMS * Years2 -.010 .0028 12.060 .001 
JR * Years2 -.007 .0033 4.868 .027 

IJRM * Years2 -.010 .0033 8.484 .004 
MT * Years2 -.087 .0650 1.795 .180 
JCP * Years2 -.011 .0043 6.639 .010 
JIM * Years2 .001 .0041 .022 .881 

QME * Years2 -.058 .0388 2.217 .137 
EJM * Years2 -.010 .0155 .377 .539 
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5.1.5. Article length 

Page length is significantly correlated with five-year citations (.047, p < .001), but not with 

total citations (p = .146). However, in both cases, it is a significant covariate in the regression 

model (five-year: B = .010, p = .002; total: B = .014, p < .001). Longer articles perform 

better, supporting H9. 

5.1.6. References 

The number of references is positively correlated with five-year and total citations (.189; 

.120; respectively; p < .001). In the regression model, it positively predicts citations (five-

year: B = .010; total: B = .006; p < .001). 

The age of references is negatively correlated with five-year and total citations (-.050; -.075; 

respectively; p < .001). It also negatively affects citations in the regression model (five-year: 

B = -.019; total: -.018; p < .001). 

Hence, H7a and H7b are supported. 

5.1.7. Title 

While title length was significant only in the 2019 linear regression model (B = -.006, p = 

.043), the trend was always towards shorter titles performing better, but the evidence here is 

inconclusive. Removing colon and hyphen from the linear regression did not make title 

length significant. H11 is not supported. 

Colons make titles longer: in titles with colons, there are on average 12.3 words, while with-

out colons only 9.4 (F(1, 6792) = 1155.17; p < .001). Similar, yet smaller difference between 

hyphenated (11.3) and non-hyphenated (10.7) titles (F(1, 6792) = 27.28; p < .001). Similarly, 

titles with question marks are longer (12.5) than ones without (10.7). H12a is supported. 

Using a colon or a hyphen in the title is linked to higher citations. Colon and hyphen correlate 

positively with five-year citations (.024, p = .046; .035, p = .004; respectively). Question 

marks in titles did not significantly correlate with citations. ANOVA finds significant dif-

ferences in five-year citations in using a colon (Mcol = 26.1, Mnon-col = 24.0, F(1, 6791) = 

3.99, p = .046) and a hyphen (Mhyp = 27.6, Mnon-hyp = 24.2, F(1, 6791) = 8.14, p = .004). 
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In linear regression, hyphens are not significant in total citation counts in articles published 

in 2014 and before, while colons are (B = .100, p < .001), but when analyzing also articles 

published until 2019, they both are significant (hyphen: B = .057, p = .021; colon: B = .094, 

p < .001). In five-year citations, hyphens and colons are significant (B = .071, p = .014; B = 

.064, p = .021; respectively). Question marks were not significant in any regression model 

and were thus omitted from the final model. H12b is partially supported. 

Table 7. Citation means of different author counts. 

 

5.1.8. Collaboration 

Collaboration, i.e. author count, correlates with five-year citations (.073, p < .001), but not 

with total citations (p = .156). It correlates with five-year and total self-citations (.153; .124; 

respectively; p < .001). However, author count is not a significant covariate in linear regres-

sion. 

    N M SD SE 95% Lower  95% Upper Min Max 

Five-Year  
Non-Self-Citations 

1 962 19.14 27.93 0.90 17.37 20.91 0 323 
2 2704 23.61 36.14 0.69 22.25 24.98 0 703 
3 2328 27.47 54.30 1.13 25.27 29.68 0 1950 
4 624 29.49 50.32 2.01 25.54 33.45 0 912 
5 125 34.26 40.01 3.58 27.18 41.35 0 267 
6 32 36.09 49.07 8.68 18.40 53.79 0 233 
7 10 23.40 22.22 7.03 7.51 39.29 5 74 
8 5 28.00 14.27 6.38 10.29 45.71 8 46 
9 1 20.00     20 20 

10 1 23.00     23 23 
13 1 18.00     18 18 

Total 6793 25.10 43.88 0.53 24.05 26.14 0 1950 

Five-Year  
Self-Citations 

1 962 1.41 2.66 0.09 1.24 1.58 0.00 47.00 
2 2704 1.92 2.62 0.05 1.82 2.02 0.00 31.00 
3 2328 2.34 2.95 0.06 2.22 2.45 0.00 49.00 
4 624 2.73 3.63 0.15 2.44 3.01 0.00 45.00 
5 125 3.28 3.68 0.33 2.63 3.93 0.00 21.00 
6 32 4.59 4.38 0.77 3.02 6.17 0.00 18.00 
7 10 4.70 3.68 1.16 2.07 7.33 0.00 10.00 
8 5 6.00 5.57 2.49 -0.91 12.91 1.00 15.00 
9 1 2.00     2.00 2.00 

10 1 2.00     2.00 2.00 
13 1 3.00     3.00 3.00 

Total 6793 2.11 2.92 0.04 2.04 2.18 0.00 49.00 

Five-Year 
Self-Citation 
Percentage 

1 935 6.79  12.28  0.40  6.01  7.57  0.00  100.00  
2 2670 6.46  8.73  0.17  6.13  6.79  0.00  100.00  
3 2317 7.39  9.49  0.20  7.01  7.78  0.00  100.00  
4 619 8.51  9.61  0.39  7.75  9.26  0.00  60.00  
5 124 8.55  8.69  0.78  7.01  10.10  0.00  42.86  
6 31 11.51  12.43  2.23  6.95  16.07  0.00  60.00  
7 10 14.03  11.77  3.72  5.61  22.44  0.00  35.00  
8 5 16.40  9.86  4.41  4.16  28.64  2.94  28.85  
9 1 6.67          6.67  6.67  

10 1 5.36          5.36  5.36  
13 1 7.84          7.84  7.84  

Total 6714 7.10  9.69  0.12  6.87  7.33  0.00  100.00  
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Then, interestingly, ANOVA reveals significant differences in five-year non-self- (F(10, 

6782) = 4.17, p < .001) and self-citations (F(10, 6782) = 17.24, p < .001), as well as self-

citation percentage (F(10, 6703) = 2.23, p = .014) between numbers of authors, where mul-

tiple authors get more non-self-citations than individual or pairs of authors. Number of self-

citations increases all the way up to 6 authors. Similar results can be found from total citation 

counts. Table 7 summarizes these citation values for different author counts. 

Even though ANOVA would provide evidence to support H15a, in the linear regression 

model, the author count is not a significant covariate for citations. H15a is not supported. 

H15b is supported by all analyses: ANOVA (Table 7), correlation (Table 3), as well as linear 

regression (Table 6). 

5.1.9. Productivity and experience 

Table 8 summarizes productivity correlations in marketing. Productivity is measured both 

within the dataset as well as overall in all journals. The latter is measured both prior and after 

publication. The other authors’ and all authors’ values are also divided by the respective 

author counts to show per-author productivity. Most types of productivities are positively 

correlated with citations. 

Total past productivity, which is a proxy for experience and possibly recognition, is posi-

tively correlated with five-year citations, but not with total citations. This is most likely 

caused by the fact that higher past productivity values are later in the dataset, which leads to 

less time to gain citations. Then, future productivity, which is a proxy for personal promotion 

potential, is positively correlated with both five-year and total citations. Future productivity 

increases possibilities of self-citations, which correlate highly. 

Past and future citations of other articles in all cases are positively correlated with citations 

of the analyzed article. However, in the linear regression model, taking any type of produc-

tivity, as any combination, does not yield any significant results. One type of productivity 

may slightly positively predict citations, while other types may be negative. It can be con-

cluded that productivity is linked to citations, but it is mediated by something else. 
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Table 8. Productivity correlations. Marketing journals until 2014. 

Significant correlations (p < .05) bolded. 

Total past citations were a significant factor in linear regression (Wald χ2 ≈ 30), but the 

effect was so weak (B ≈ .000035) that I decided to omit it from the final model (Table 5). 

However, H13 is supported, even though the effect is weak. 

  1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 

1. Five-Year Non-Self-Citations 1 .691 .456 .429 .346 .341 .073 .054 .058 .073 .038 .052 .063 .041 .038 .030 .065 .065 .055 .038 .120 .145 .172 .138 .097 .106 .143 .163 .135 .132 

2. Total Non-Self-Citations .691 1 .320 .469 .267 .417 .017 -.034 -.050 -.057 .001 -.005 -.004 -.002 -.007 .072 .105 .120 .116 .111 .088 .082 .202 .085 .125 .238 .265 .327 .277 .307 

3. Five-Year Self-Citations .456 .320 1 .869 .852 .744 .153 .063 .129 .136 .076 .162 .177 .139 .130 .149 .263 .279 .241 .226 .102 .205 .211 .182 .106 .181 .258 .289 .237 .231 

4. Total Self-Citations .429 .469 .869 1 .745 .867 .124 .018 .060 .058 .051 .118 .126 .103 .090 .183 .308 .333 .297 .281 .091 .163 .247 .149 .129 .271 .351 .407 .339 .348 

5. Five-Year Self-Citations Per 
Author 

.346 .267 .852 .745 1 .878 -.131 .046 -.024 .000 .101 -.002 .052 .020 .140 .169 .076 .164 .105 .254 .114 .050 .151 .069 .151 .189 .110 .188 .133 .241 

6. Self-Citations Per Author .341 .417 .744 .867 .878 1 -.146 .005 -.071 -.057 .074 -.029 .014 -.005 .099 .198 .112 .208 .152 .302 .104 .026 .178 .048 .167 .277 .183 .292 .218 .357 

7. Author Count .073 .017 .153 .124 -.131 -.146 1 .053 .478 .423 -.008 .486 .405 .296 .038 -.015 .453 .301 .262 -.032 -.023 .374 .125 .225 -.113 -.031 .302 .197 .163 -.048 

8. First Author's 
Past Productivity Within Dataset 

.054 -.034 .063 .018 .046 .005 .053 1 .131 .563 .381 -.016 .186 -.032 .189 .094 -.057 .023 -.072 .011 .373 .004 .293 -.004 .191 .075 -.058 .002 -.066 -.006 

9. Other Authors' 
Past Productivity Within Dataset 

.058 -.050 .129 .060 -.024 -.071 .478 .131 1 .893 -.044 .544 .435 .461 .217 -.077 .269 .134 .188 -.021 -.035 .465 .039 .397 -.066 -.095 .145 .048 .088 -.056 

10. All Authors' 
Past Productivity Within Dataset 

.073 -.057 .136 .058 .000 -.057 .423 .563 .893 1 .137 .447 .448 .370 .266 -.022 .198 .122 .124 -.012 .140 .390 .166 .329 .032 -.045 .095 .041 .043 -.049 

11. First Author's Total 
Past Productivity 

.038 .001 .076 .051 .101 .074 -.008 .381 -.044 .137 1 .019 .540 .027 .704 .540 .010 .365 .012 .437 .624 -.008 .539 -.004 .492 .414 .004 .243 .006 .291 

12. Other Authors' Total 
Past Productivity 

.052 -.005 .162 .118 -.002 -.029 .486 -.016 .544 .447 .019 1 .852 .925 .572 .018 .627 .443 .547 .237 -.012 .711 .174 .633 .012 -.019 .384 .262 .319 .119 

13. All Authors' Total 
 Past Productivity 

.063 -.004 .177 .126 .052 .014 .405 .186 .435 .448 .540 .852 1 .793 .851 .299 .533 .564 .467 .428 .317 .594 .429 .531 .268 .201 .325 .348 .271 .252 

14. Other Authors' Total 
Past Productivity Per Author 

.041 -.002 .139 .103 .020 -.005 .296 -.032 .461 .370 .027 .925 .793 1 .643 .041 .578 .425 .604 .298 -.017 .638 .158 .665 .031 -.004 .362 .255 .364 .163 

15. All Authors' Total 
Past Productivity Per Author 

.038 -.007 .130 .090 .140 .099 .038 .189 .217 .266 .704 .572 .851 .643 1 .393 .329 .487 .363 .540 .475 .379 .504 .410 .511 .284 .199 .307 .214 .344 

16. First Author's Total 
Future Productivity 

.030 .072 .149 .183 .169 .198 -.015 .094 -.077 -.022 .540 .018 .299 .041 .393 1 .097 .729 .117 .836 .293 -.003 .297 .006 .252 .831 .093 .550 .103 .617 

17. Other Authors' Total 
Future Productivity 

.065 .105 .263 .308 .076 .112 .453 -.057 .269 .198 .010 .627 .533 .578 .329 .097 1 .752 .934 .486 .002 .488 .372 .429 .118 .105 .773 .610 .697 .393 

18. All Authors' Total 
Future Productivity 

.065 .120 .279 .333 .164 .208 .301 .023 .134 .122 .365 .443 .564 .425 .487 .729 .752 1 .720 .888 .196 .334 .453 .299 .248 .623 .593 .784 .548 .679 

19. Other Authors' Total 
Future Productivity Per Author 

.055 .116 .241 .297 .105 .152 .262 -.072 .188 .124 .012 .547 .467 .604 .363 .117 .934 .720 1 .554 -.004 .410 .351 .430 .143 .127 .740 .599 .759 .456 

20. All Authors' Total 
Future Productivity Per Author 

.038 .111 .226 .281 .254 .302 -.032 .011 -.021 -.012 .437 .237 .428 .298 .540 .836 .486 .888 .554 1 .265 .163 .419 .191 .362 .722 .400 .704 .433 .778 

21. First Author's 
Past Citations 

.120 .088 .102 .091 .114 .104 -.023 .373 -.035 .140 .624 -.012 .317 -.017 .475 .293 .002 .196 -.004 .265 1 .036 .878 .040 .876 .345 .036 .226 .035 .299 

22. Other Authors' 
Past Citations 

.145 .082 .205 .163 .050 .026 .374 .004 .465 .390 -.008 .711 .594 .638 .379 -.003 .488 .334 .410 .163 .036 1 .237 .938 .065 .007 .431 .310 .365 .169 

23. All Authors' 
Past Citations 

.172 .202 .211 .247 .151 .178 .125 .293 .039 .166 .539 .174 .429 .158 .504 .297 .372 .453 .351 .419 .878 .237 1 .230 .860 .387 .511 .588 .485 .543 

24. Other Authors' 
Past Citations Per Author 

.138 .085 .182 .149 .069 .048 .225 -.004 .397 .329 -.004 .633 .531 .665 .410 .006 .429 .299 .430 .191 .040 .938 .230 1 .087 .018 .406 .300 .404 .206 

25. All Authors' 
Past Citations Per Author 

.097 .125 .106 .129 .151 .167 -.113 .191 -.066 .032 .492 .012 .268 .031 .511 .252 .118 .248 .143 .362 .876 .065 .860 .087 1 .334 .222 .352 .245 .458 

26. First Author's 
Future Citations 

.106 .238 .181 .271 .189 .277 -.031 .075 -.095 -.045 .414 -.019 .201 -.004 .284 .831 .105 .623 .127 .722 .345 .007 .387 .018 .334 1 .189 .716 .208 .811 

27. Other Authors' 
Future Citations 

.143 .265 .258 .351 .110 .183 .302 -.058 .145 .095 .004 .384 .325 .362 .199 .093 .773 .593 .740 .400 .036 .431 .511 .406 .222 .189 1 .821 .949 .597 

28. All Authors' 
Future Citations 

.163 .327 .289 .407 .188 .292 .197 .002 .048 .041 .243 .262 .348 .255 .307 .550 .610 .784 .599 .704 .226 .310 .588 .300 .352 .716 .821 1 .796 .896 

29. Other Authors' 
Future Citations Per Author 

.135 .277 .237 .339 .133 .218 .163 -.066 .088 .043 .006 .319 .271 .364 .214 .103 .697 .548 .759 .433 .035 .365 .485 .404 .245 .208 .949 .796 1 .652 

30. All Authors' 
Future Citations Per Author 

.132 .307 .231 .348 .241 .357 -.048 -.006 -.056 -.049 .291 .119 .252 .163 .344 .617 .393 .679 .456 .778 .299 .169 .543 .206 .458 .811 .597 .896 .652 1 
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As Table 8 shows, increased collaboration is associated with lower per-author future produc-

tivity for all authors and first author, but not other authors. H15c is not supported. 

Table 9. Award-winning authors’ past and future citations. 

*differences not significant at p < .05, others are significant at p < .01 

Award-winning authors 

Winning an award was not significantly associated with past productivity types, only with 

future productivity and future citations for other articles (Table 9). I tested this even with 

 Award N M SD SE 95% Lower 95% Upper Min Max 

First Author's  
Future Productivity* 

0 9104 12.51 28.028 0.294 11.93 13.08 0 1353 

1 221 15.05 18.898 1.271 12.55 17.56 0 155 

Other Authors’  
Future Productivity 

0 9104 19.57 29.551 0.310 18.96 20.18 0 590 

1 221 27.37 36.567 2.460 22.52 32.22 0 221 

All Authors’  
Future Productivity 

0 9104 32.07 43.568 0.457 31.18 32.97 0 1422 

1 221 42.43 44.395 2.986 36.54 48.31 0 221 

Other Authors’  
Future Productivity Per Author 

0 9104 6.8896 10.25682 0.10750 6.6789 7.1003 0.00 295.00 

1 221 9.5273 12.70672 0.85475 7.8428 11.2119 0.00 75.50 

All Authors’  
Future Productivity Per Author 

0 9104 13.0347 19.23869 0.20163 12.6395 13.4300 0.00 711.00 

1 221 16.4386 16.52859 1.11183 14.2474 18.6298 0.00 87.50 

First Author's  
Past Citations* 

0 9104 1051.30 2757.54 28.90 994.65 1107.96 0 91976 

1 221 1166.19 2710.27 182.31 806.88 1525.49 0 33143 

Other Authors'  
Past Citations 

0 9104 2601.32 4649.57 48.73 2505.80 2696.84 0 70277 

1 221 3506.62 4779.64 321.51 2872.98 4140.26 0 30386 

All Authors'  
Past Citations 

0 9104 1692.03 3159.55 33.11 1627.12 1756.94 0 91976 

1 221 2361.53 3403.84 228.97 1910.28 2812.78 0 33809 

Other Authors'  
Past Citations Per Author 

0 9104 885.41 1513.32 15.86 854.32 916.50 0 32677 

1 221 1201.45 1686.79 113.47 977.83 1425.06 0 11868.5 

All Authors'  
Past Citations Per Author* 

0 9104 766.17 2023.39 21.21 724.60 807.74 0 91976 

1 221 924.94 1173.69 78.95 769.34 1080.54 0 7922 

First Author's  
Future Citations 

0 9104 420.71 1150.45 12.06 397.08 444.35 0 41743 

1 221 733.80 1386.50 93.27 549.99 917.61 0 12784 

Other Authors'  
Future Citations 

0 9104 640.73 1411.79 14.80 611.73 669.73 0 25173 

1 221 1195.34 2027.17 136.36 926.60 1464.09 0 14095 

All Authors'  
Future Citations 

0 9104 1061.44 2012.07 21.09 1020.11 1102.78 0 43277 

1 221 1929.14 2870.08 193.06 1548.66 2309.63 0 23345 

Other Authors'  
Future Citations Per Author 

0 9104 230.27 515.93 5.41 219.67 240.87 0 12586.5 

1 221 434.32 733.17 49.32 337.12 531.51 0 5280.5 

All Authors'  
Future Citations Per Author 

0 9104 442.34 909.84 9.54 423.64 461.03 0 21638.5 

1 221 782.45 1250.96 84.15 616.61 948.29 0 11672.5 



60 
 

only the awards that were not dissertation awards—since they are not given to experienced 

authors. Again, past productivity, i.e. experience, did not predict awards.  

However, authors had received on average more citations for articles they had published 

before the award-winning articles than non-award-winning articles (Maward = 80.3, Mnon-award 

= 55.9, F(1, 9136) = 14.77, p < .001). The latter group includes articles by both award-

winning and non-award-winning authors, but not articles that themselves were not awarded 

since the focus of my analysis was on articles, not authors.  

While in citations gained for earlier articles there were only slight differences between 

award-winning authors and other authors (Table 9), award-winning authors ended up be-

coming about two times more cited than other authors. This difference is not caused by the 

increase in productivity, but something else (citations received for articles published in fu-

ture: Maward = 35.4, Mnon-award = 23.9, F(1, 9021) = 39.77, p < .001). 

Literature review authors 

In the case of literature reviews, the authors writing them were much more experienced (ar-

ticles published per author before the article: Mlit = 26.2, Mnon-lit = 15.5, F(1, 9323) = 85.09, 

p < .001), and cited (citations received per author per article for articles published prior: 

Mlit = 77.6, Mnon-lit = 56.0, F(1, 9136) = 12.49, p < .001) than other authors. However, they 

were only slightly more likely to gain citations for their on-coming papers (Mlit = 27.6, 

Mnon-lit = 24.1, F(1, 9021) = 3.87, p = .049). 

Meta-analytic study authors 

For meta-analytic studies, there were not any significant differences. Though, it is worth 

noting that the direction was opposite to the ones reported for literature reviews. 

5.1.10. Position in issue 

Position in the issue is negatively correlated with citations (five-year: -.041; total: -.056; p < 

.001), meaning that earlier articles have slightly more citations. However, it is not a signifi-

cant covariate in the linear model, except in the 2019 dataset total citations (B = -.006, p = 

.050). H5 is not supported.  

Table 10 shows the problem with the way position was coded, from the first to the last in the 

issue. This leads to differences in issue sizes, which may cause it to be insignificant. For 
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example, the largest issue in QME was 5 articles long, while MS and JCP had issues up to 

32 articles long. Mean issue length could be calculated by multiplying the average position 

by two and subtracting one. However, this speculation was easily discarded by analyzing 

journals separately, leading to the same conclusion that position was not a significant co-

variate in marketing in this dataset. 

Table 10. Means of position in issue in marketing journals until 2014. 

    N M SD SE 95% Lower  95% Upper Min Max 

Position in issue 

JM 648 5.49 3.38 0.13 5.23 5.75 1 20 
JMR 802 6.84 3.87 0.14 6.57 7.11 1 18 
MS 713 7.03 4.44 0.17 6.71 7.36 1 32 
JCR 989 7.72 4.30 0.14 7.46 7.99 1 22 

JAMS 590 5.39 3.33 0.14 5.12 5.66 1 17 
JR 462 4.97 2.87 0.13 4.70 5.23 1 15 

IJRM 435 5.39 3.15 0.15 5.10 5.69 1 16 
MT 308 4.21 2.49 0.14 3.93 4.49 1 14 
JCP 635 8.04 4.99 0.20 7.65 8.43 1 32 
JIM 298 3.24 1.67 0.10 3.05 3.43 1 10 

QME 142 2.40 1.12 0.09 2.22 2.59 1 5 
EJM 704 6.53 3.96 0.15 6.23 6.82 1 18 

Total 6726 6.22 4.03 0.05 6.12 6.31 1 32 

5.1.11. Abstract readability 

Figure 4 plots abstract readabilities and the corresponding articles’ five-year non-self-cita-

tions. Abstract readability (averages of all readability grade scores from all three Python 

libraries) is significantly correlated with citations (five-year: .024, p = .046; total: .035, p = 

.004), but it is not a significant parameter in the linear regression model (p = .118). Thus, 

better-performing articles tend to be slightly harder to read, but the effect is mediated by 

some other factor, not supporting H16a. On the other hand, award-winning articles have 

easier-to-read abstracts (14.4) than other articles (15.0). 

Abstract readability grade and author count were positively correlated (.060, p < .001), 

meaning that more authors write abstracts that are more difficult to read. 
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Figure 4. Abstract readability grades and five-year non-self-citations of all marketing articles. 

5.2. Findings from full texts 

In this subsection, I outline the main findings from the analyses of full texts. The analyses 

were similar to the ones without full texts, except in this case they also included the reada-

bility scores of full texts, introductions, and discussions, as well as the number of figures, 

quotes, formulas, and appendices. The readability scores are always the averages from all 

formulas and libraries, and reported correlations are Poisson correlations. 

First, I present the combined findings from all three journals (JM, JMR, and EJM). Then, I 

present more detailed findings on mainly the readability of the full texts for each journal. 

There are a couple of significant full-text related factors affecting citations. Table 11 presents 

all full-text correlations from all three journals, except the number of quotes, figures, and 

formulas are from JM and JMR only, as explained earlier (Data extraction – Full texts). The 

number of formulas is negatively correlated with both citation types (five-year: -.134; total: 

-.100; p < .001), while figures correlate only with total citations (-.098, p < .001). The num-

ber of appendices is positively correlated with total citations (.038, p = .049). The only sig-

nificant readability grade correlation is from introductions, correlating positively with five-

year citations (.043, p = .044). 
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Table 11. Full-text correlations from JM, JMR, and EJM. 

Significant correlations (p < .05) bolded. Factors 16–18 not from EJM. 

Page length correlates positively with readability grades as well as the number of figures, 

quotes, formulas, and appendices, supporting H10a. Thus, authors who write longer articles, 

also write harder to read articles. Though, they also use more extra elements possibly making 

the articles easier to comprehend. 

Readability scores correlate very highly across all sections: abstracts correlate with full text 

values between .379 and .433, while introductions, discussions, and full texts correlate be-

tween .636 and .823 (all p < .001). On average, full texts were easiest (mean grade: 14.8), 

then discussions (15.6), then introductions (15.7), and lastly abstracts (15.8). T-test results 

are summarized in Table 12. Out of the three journals, JMR is the easiest to read (introduc-

tions: 14.8; discussions: 14.4; full texts: 13.3; abstracts: 15.6), JM the second easiest, except 

in introductions and abstracts (introductions: 16.2; discussions: 16.1; full texts: 15.3; 

 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 

1. Five-Year Non-
Self-Citations 1 .722 .420 .472 .314 .005 .135 -.037 .131 -.087 .103 .110 .133 -.114 .082 .030 -.039 -.134 -.021 .043 .000 .016 

2. Total Non-Self-Ci-
tations .722 1 .310 .559 .215 .024 .056 -.076 .061 -.094 -.025 -.024 -.071 -.077 .056 -.002 -.098 -.100 .038 .009 .007 .013 

3. Five-Year Self-Cita-
tions .420 .310 1 .811 .171 .020 .075 -.023 .060 -.134 .177 .120 .227 -.076 .075 -.008 .048 -.030 -.043 .029 -.014 -.017 

4. Total Self-Citations .472 .559 .811 1 .210 .008 .048 -.059 .037 -.152 .080 .037 .024 -.059 .050 -.012 -.049 -.043 .053 -.002 -.006 -.013 

5. Award Winner .314 .215 .171 .210 1 -.005 .024 -.006 .009 -.048 .011 .045 .029 -.116 -.040 .028 .062 .027 -.004 -.035 -.056 -.041 

6. Literature Review .005 .024 .020 .008 -.005 1 -.015 .064 .218 -.011 -.072 .023 -.063 -.018 .029 -.011 -.007 -.027 -.019 .065 .070 .129 

7. Meta-Analytic 
Study .135 .056 .075 .048 .024 -.015 1 .013 .054 .000 .019 -.011 .005 -.033 .036 -.003 -.048 -.042 -.044 .049 .040 .048 

8. Page Length -.037 -.076 -.023 -.059 -.006 .064 .013 1 .441 .060 .067 -.041 -.020 -.080 .069 .169 .230 .099 .120 .260 .296 .341 

9. Number of Refer-
ences .131 .061 .060 .037 .009 .218 .054 .441 1 .051 .084 .058 .007 -.113 .151 .144 -.047 -.184 .076 .324 .346 .404 

10. Average Refer-
ence Age -.087 -.094 -.134 -.152 -.048 -.011 .000 .060 .051 1 -.014 -.005 .022 .006 .000 .074 .071 -.052 -.020 .025 .021 .010 

11. Author Count .103 -.025 .177 .080 .011 -.072 .019 .067 .084 -.014 1 .058 .443 -.044 .061 .030 .028 -.027 -.036 .073 .021 .011 

12. First Author's 
Productivity .110 -.024 .120 .037 .045 .023 -.011 -.041 .058 -.005 .058 1 .104 -.069 .001 .017 -.013 -.032 -.034 -.025 -.080 -.075 

13. Other Authors’ 
Productivity .133 -.071 .227 .024 .029 -.063 .005 -.020 .007 .022 .443 .104 1 -.101 .062 .004 .103 -.003 -.075 -.014 -.113 -.143 

14. Position in Issue -.114 -.077 -.076 -.059 -.116 -.018 -.033 -.080 -.113 .006 -.044 -.069 -.101 1 .000 -.044 -.051 -.017 -.055 -.010 -.005 -.015 

15. Abstract  
Readability .082 .056 .075 .050 -.040 .029 .036 .069 .151 .000 .061 .001 .062 .000 1 .091 -.072 -.113 .009 .433 .431 .379 

16. Number of 
Quotes .030 -.002 -.008 -.012 .028 -.011 -.003 .169 .144 .074 .030 .017 .004 -.044 .091 1 -.082 -.083 .015 .142 .173 .210 

17. Number of  
Figures -.039 -.098 .048 -.049 .062 -.007 -.048 .230 -.047 .071 .028 -.013 .103 -.051 -.072 -.082 1 .094 .024 -.100 -.113 -.180 

18. Number of  
Formulas -.134 -.100 -.030 -.043 .027 -.027 -.042 .099 -.184 -.052 -.027 -.032 -.003 -.017 -.113 -.083 .094 1 .127 -.163 -.230 -.302 

19. Number of  
Appendices -.021 .038 -.043 .053 -.004 -.019 -.044 .120 .076 -.020 -.036 -.034 -.075 -.055 .009 .015 .024 .127 1 .005 .081 .077 

20. Introduction 
Readability .043 .009 .029 -.002 -.035 .065 .049 .260 .324 .025 .073 -.025 -.014 -.010 .433 .142 -.100 -.163 .005 1 .636 .695 

21. Discussion  
Readability .000 .007 -.014 -.006 -.056 .070 .040 .296 .346 .021 .021 -.080 -.113 -.005 .431 .173 -.113 -.230 .081 .636 1 .823 

22. Full Text  
Readability .016 .013 -.017 -.013 -.041 .129 .048 .341 .404 .010 .011 -.075 -.143 -.015 .379 .210 -.180 -.302 .077 .695 .823 1 
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abstracts: 16.2), and EJM the hardest (introductions: 16.2; discussions: 16.5; full texts: 15.9; 

abstracts: 15.5). 

The number of references is correlated with readability grades: the more references articles 

have, the harder they are to read (introductions: .324, discussions: .346; full texts: .404; p < 

.001). 

The number of quotes is correlated with harder to read texts (introductions: .142; discus-

sions: .173; full texts: .210; p < .001), while both figures (introductions: -.100; discussions: 

-.113; full texts: -.180; p < .001) and formulas (introductions: -.163; discussions: -.230; full 

texts: -.302; p < .001) correlate with easier to read texts. These all were always extracted 

before the readability grade calculations. Hence, they should not affect them. 

Table 12. Paired differences and t-test statistics of all JM, JMR, and EJM readability grades combined. 

Table 13 shows the differences between award-winning and non-award-winning articles. 

Award-winning articles are easier to read than other articles (readability grades of full texts: 

14.4 vs. 14.8; introductions: 15.4 vs. 15.8; discussions: 15.1 vs. 15.7; respectively). The 

hardest-to-read award-winning articles are over three grade levels easier to read than the 

hardest other articles. They also had more figures (3.4 vs. 2.7), and though not statistically 

significantly, more quotes and formulas as well. The number of appendices was equal among 

both groups. 

  

Pair M SD SE 95% Lower 95% Upper t df p 
Introductions – 

Discussions .074 1.453 .033 .010 .138 2.282 1981 .023 
Introductions – 

Full Texts .932 1.324 .030 .874 .990 31.442 1996 .000 
Discussions – 

Full Texts .868 .957 .021 .826 .910 4.386 1981 .000 
Abstracts – 

Introductions .094 1.879 .042 .011 .176 2.227 1996 .026 
Abstracts – 
Discussions .158 1.847 .041 .076 .239 3.805 1981 .000 
Abstracts – 
Full Texts 1.025 1.882 .042 .943 1.108 24.346 1996 .000 
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Table 13. Descriptives for award-winning articles and other articles from JM, JMR, and EJM until 2019. 

In linear regression on all JM, JMR, and EJM (Table 14), from the new covariates, only the 

number of appendices is significant (five-year: B = .094, p = .039; total: B = .104, p = .027).  

On the other hand, from JM and JMR (In the next sections, I present the journal-specific 

findings from their full texts. 

Table 15), also the number of formulas becomes significant (five-year: B = -.014; total: B = 

-.018; p < .001), and appendix becomes slightly more significant (five-year: B = .131, p = 

.012; total: B = .117, p = .026). Thus, H10b is only partially supported. 

The readability scores were correlated: positively with author count in introductions (.120, 

p = .001), negatively with position in the issue in all sections (earlier articles easier to read; 

full texts: -.97, p = .006; introductions: -.132, p < .001; discussions: -.078, p = .026), posi-

tively with number of references (full texts: -.238, p < .001; introductions: -.165, p < .001; 

discussions: -.132, p < .001), negatively with the number of figures and formulas in full texts 

 
 N M SD Min Max 

Award-winning  
articles 

Non-Self-Citations 70 10.17 14.53 0 87 

Self-Citations 70 348.61 777.33 2 5921 

Page Length 70 17.16 3.67 10 27 

Appendices 70 0.47 0.50 0 1 

Figures 70 3.40 2.92 0 14 

Quotes 70 3.26 9.68 0 52 

Formulas 70 6.49 8.13 0 40 

Abstract Readability 70 15.38 1.77 11.82 20.14 

Intro Readability 70 14.41 1.66 10.98 17.95 

Discussion Readability 70 15.44 1.85 11.1 21.42 

Full Text Readability 70 15.10 1.56 12.26 19.03 

Non-award-winning 
articles 

Non-Self-Citations 2663 75.70 153.80 0 2373 

Self-Citations 2663 3.13 4.70 0 70 

Page Length 2663 17.43 7.02 1 258 

Appendices 2663 0.48 0.53 0 5 

Figures 1725 2.69 2.19 0 18 

Quotes 1725 2.55 4.53 0 59 

Formulas 1725 5.21 9.20 0 107 

Abstract Readability 2663 15.83 1.78 10.91 25.12 

Intro Readability 2663 14.83 1.62 10.43 22.65 

Discussion Readability 2663 15.82 1.74 9.62 25.36 

Full Text Readability 2645 15.69 1.66 10.34 22.76 
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(more figures and formulas make texts easier; -.162, p < .001 and -.212, p < .001, respec-

tively). The readability of the full texts and both sections correlate very highly with scores 

of abstracts (full texts: .589, p < .001; introductions: .514, p < .001; discussions: .535, p < 

.001). 

The full texts were the easiest to read (mean grade: 15.3), discussions the second easiest 

(16.2), and introductions the hardest (16.4), with t-test p values of < .001.  

Table 14. Generalized linear regression model for JM, JMR, and EJM until 2014. 

In the next sections, I present the journal-specific findings from their full texts. 

 Total Citation Counts Five-Year Citation Counts 
Parameter B SE Wald χ2 Sig. B SE Wald χ2 Sig. 
Intercept 2.150 .7150 9.040 .003 2.947 .3750 61.776 .000 

JM .569 .7380 .595 .440 .889 .2171 16.773 .000 
JMR .590 .7353 .643 .423 .735 .2120 12.015 .001 
EJM 0 . . . 0 . . . 

Scopus Self-Citations .063 .0052 144.444 .000 .091 .0091 100.231 .000 
Award .589 .1446 16.566 .000 .705 .1437 24.113 .000 

Literature Review .055 .1779 .097 .756 .018 .1802 .010 .922 
Meta-analytic .613 .2280 7.229 .007 .501 .2296 4.766 .029 
Page Length -.004 .0035 1.648 .199 -.003 .0036 .569 .451 

# of References .006 .0011 30.701 .000 .006 .0011 28.936 .000 
Avg. Reference Age -.021 .0056 13.814 .000 -.021 .0057 13.770 .000 

Title Length in Words .003 .0066 .153 .696 -.001 .0068 .017 .896 
Hyphen in Title .593 .4144 2.044 .153 .683 .4198 2.646 .104 
Colon in Title .089 .0507 3.079 .079 .054 .0514 1.115 .291 
Author Count .005 .0294 .025 .875 .017 .0296 .342 .559 

First Author’s Prod. -.003 .0047 .468 .494 -.001 .0048 .022 .882 
Other Authors’ Prod. -.002 .0030 .403 .525 -.002 .0031 .559 .455 

Position in Issue -.004 .0063 .371 .542 -.004 .0062 .355 .551 
Abstract Readability .018 .0145 1.632 .201 .008 .0148 .273 .601 

Appendices .104 .0472 4.876 .027 .094 .0457 4.268 .039 
Intro Readability -.018 .0178 1.003 .317 -.013 .0177 .576 .448 

Discussion Readability -.027 .0206 1.748 .186 -.019 .0207 .847 .358 
JM * Years .238 .0689 11.887 .001 -.006 .0112 .268 .605 

JMR * Years .174 .0629 7.612 .006 -.032 .0102 9.761 .002 
EJM * Years .169 .1255 1.803 .179 -.013 .0150 .718 .397 
JM * Years2 -.005 .0027 2.906 .088 

JMR * Years2 -.003 .0024 1.372 .242 
EJM * Years2 -.002 .0060 .080 .777 
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Table 15. Generalized linear regression model for JM and JMR until 2014. 

5.2.1. Journal of Marketing 

The readability scores were correlated: positively with author count in introductions (.120, 

p = .001), negatively with position in the issue in all sections (earlier articles easier to read; 

full texts: -.97, p = .006; introductions: -.132, p < .001; discussions: -.078, p = .026), posi-

tively with number of references (full texts: -.238, p < .001; introductions: -.165, p < .001; 

discussions: -.132, p < .001), negatively with the number of figures and formulas in full texts 

(more figures and formulas make texts easier; -.162, p < .001 and -.212, p < .001, respec-

tively). The readability of the full texts and both sections correlate very highly with scores 

of abstracts (full texts: .589, p < .001; introductions: .514, p < .001; discussions: .535, p < 

.001). 

The full texts were the easiest to read (mean grade: 15.3), discussions the second easiest 

(16.2), and introductions the hardest (16.4), with t-test p values of < .001.  

 Total Citation Counts Five-Year Citation Counts 
Parameter B SE Wald χ2 Sig. B SE Wald χ2 Sig. 
Intercept 3.180 .5689 31.243 .000 4.053 .4349 86.845 .000 

JM -.204 .5583 .133 .715 .140 .1890 .549 .459 
JMR 0 . . . 0 . . . 

Scopus Self-Citations .061 .0056 116.452 .000 .093 .0101 83.641 .000 
Award .615 .1464 17.668 .000 .733 .1452 25.521 .000 

Literature Review .251 .2934 .735 .391 -.044 .2956 .022 .882 
Meta-analytic .688 .2633 6.829 .009 .582 .2651 4.817 .028 
Page Length -.008 .0115 .543 .461 .000 .0116 .000 .985 

# of References .006 .0016 12.971 .000 .006 .0016 14.678 .000 
Avg. Reference Age -.015 .0068 4.931 .026 -.017 .0069 6.428 .011 

Title Length in Words .004 .0081 .270 .603 .002 .0083 .076 .782 
Hyphen in Title .664 1.0180 .426 .514 .923 1.0288 .804 .370 
Colon in Title .069 .0640 1.158 .282 .033 .0645 .266 .606 
Author Count -.024 .0374 .426 .514 -.009 .0376 .058 .810 

First Author’s Prod. -.005 .0047 .925 .336 -.003 .0049 .345 .557 
Other Authors’ Prod. -.002 .0031 .486 .486 -.003 .0032 .809 .368 

Position in Issue -.014 .0079 3.095 .079 -.010 .0077 1.530 .216 
Abstract Readability .036 .0168 4.617 .032 .022 .0172 1.559 .212 

Quotes -.009 .0068 1.914 .167 -.010 .0067 2.216 .137 
Figures -.011 .0147 .552 .457 -.018 .0148 1.472 .225 

Formulas -.018 .0032 33.254 .000 -.014 .0033 18.793 .000 
Appendices .131 .0519 6.336 .012 .117 .0525 4.986 .026 

Intro Readability -.022 .0243 .828 .363 -.014 .0241 .321 .571 
Discussion Readability -.046 .0286 2.595 .107 -.047 .0285 2.666 .103 

JM * Years .254 .0699 13.204 .000 -.010 .0116 .760 .383 
JMR * Years .161 .0650 6.123 .013 -.035 .0106 10.871 .001 
JM * Years2 -.005 .0027 3.958 .047 

JMR * Years2 -.002 .0025 .993 .319 
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Award-winning articles had easier abstracts (15.7 vs. 16.3), introductions (16.0 vs. 16.4), 

and discussions (15.7 vs. 16.2) than non-award-winning articles, in full texts, there was no 

difference. In literature reviews, there were no significant differences compared to other ar-

ticles. On the other hand, meta-analytic studies were the hardest to read: full texts (16.3 vs. 

15.3), introductions (17.4 vs. 16.3), and discussions (16.3 vs. 15.3) were all one grade level 

harder than the other articles. There were no differences in the number of figures, quotes, 

and formulas in any category. 

However, articles with formulas were much less likely to gain citations (9.7 vs. 15.9 citations 

per year). Articles with formulas were also easier to read than other articles (full texts: 15.1 

vs. 15.6; and discussions 15.9 vs. 16.4, no significant difference in introductions). 

5.2.2. Journal of Marketing Research 

The author count is correlated with the readability of full texts (.115, p < .001) and introduc-

tions (.123, p < .001). Single authors have written the easiest full texts (mean grade: 13.0 vs. 

13.6 in five-authored and 13.9 in six-authored articles) and introductions (14.3 vs. 15.4 in 

five-authored and 15.5 in six-authored articles). 

The number of references and words in the title are both correlated with more difficult full 

texts (.229, p < .001; .118, p < .001; respectively), introductions (.236, p < .001; .107, p < 

.001) and discussions (.156, p < .001; .072, p < .024).  

The introductions are the hardest to read (mean grade: 14.8), while discussions are slightly 

easier to read (14.5), and the full texts are the easiest (13.3), with t-test p values of < .001.  

Award-winning articles are the easiest to read: full texts (12.7 vs. 13.3), introductions (14.3 

vs. 14.8), and discussions (13.9 vs. 14.5). There were more figures (5.1 vs. 2.9) and formulas 

(11.1 vs. 6.6) in award-winning articles on average than in other articles. In literature re-

views, there are no significant differences in readability scores, or the number of figures, 

quotes, and formulas compared to other articles, while in meta-analytic studies there is a 

difference in full-text scores (14.1 vs. 13.3). There were on average more quotes in meta-

analytic studies than other papers (3.2 vs. 1.7). 
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There does not seem to be any significant differences in citation rates between groups of 

articles based on the difficulty level of the full text, or between articles with formulas and 

other articles. 

5.2.3. European Journal of Marketing 

Page-wise lengthier articles tend to be slightly more difficult to read (full text: .067, p = .040; 

introduction: .134, p < .001; discussion: .139, p < .001). The number of references is corre-

lated with more difficult full texts (.173, p < .001), introductions (.189, p < .001) and discus-

sions (.220, p < .001).  

The reading difficulty of abstracts is highly correlated with the difficulty of full texts (.486, 

p < .001), introductions (.416, p < .001), and discussions (.493, p < .001). The full texts 

(mean grade: 16.0) are slightly easier to read than the introductions (16.4), while the discus-

sions (16.5) are the hardest, with t-test p values of < .001.  

The full texts of literature reviews are significantly harder to read than other articles (17.1 

vs. 15.9), similarly the discussions of meta-analytic studies (17.8 vs. 16.5). 

6. Discussion 

This paper sheds some new light on citation factors and readability in marketing. While 

mainly confirming the findings by Stremersch et al. (2007) by extending the dataset into 7 

more journals and a longer timespan, it also extends the findings into literature reviews and 

meta-analytic studies that were not included in the analysis as factors by Stremersch et al. 

(2007). However, in some places, it falls short compared to Stremersch et al. (2007), as will 

be discussed in Limitations. This paper also extends the research by Sawyer et al. (2008) 

with a larger and newer dataset of award-winning articles. 

Table 16 summarizes the support for the hypotheses from the findings. There are a few con-

siderations authors can make to increase the chances of higher impact. 

6.1. Citation factors 

In this section, I discuss how each factor compared in my dataset to what other authors have 

found. 
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While there were three clear themes in the top 30 best-performing articles (methodological, 

brands, word of mouth), this does not mean that writing an article on these topics would be 

more popular. This was not tested within this study. Hence, making any conclusions on that 

would not be justified. 

6.1.1. Journal 

The results were in line with the conclusion of Peng and Zhu (2012): where you publish 

matters most. Stremersch et al. (2007) found similar results: the strongest predictor of cita-

tions is the journal. While the main analyses used journals as factors, including impact factor 

along with the journals, the impact factor remained statistically insignificant. Only after re-

moving the journal as a factor, and only including impact factor into the regression analysis, 

along with the other covariates, impact factor became significant. 

6.1.2. Time 

Time and citations worked similarly as Stremersch et al. (2007) had found. The fit of the 

regression model was improved by using years alongside years squared instead of simply 

using years linearly. This takes into account the decay of citation performance proposed by 

authors such as Landes and Posner (1995). The more time an article has, the more citations 

it receives, but at a slower and slower rate, as years accumulate. 

6.1.3. Self-citations 

Authors should cite their own work as much as possible. There does not seem to be an upper 

limit. Bornmann and Daniel (2007) propose that splitting longer articles into multiple shorter 

articles can increase overall citations. Even though this was not directly studied here, the 

results indicate that this might still be the case, as long as the shorter articles can be published 

in the same journals, since longer page length is only a weak predictor of citations, and 

probably even then simply an artifact implying higher quality research. 

6.1.4. References 

While in this paper, references were analyzed only by count and recency, not by type as 

Stremersch et al. (2015) did, citing more and newer articles can help authors gain more cita-

tions. Stremersch et al. (2015) found that increasing reference intensity leads to an increase 

mainly in perfunctory mentions, which are often considered useless (Bornmann & Daniel, 
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2008; Stremersch et al., 2015). However, the number of references can also be an indicator 

of research quality.  

Citing more and newer articles can improve citations. This finding is not in line with 

Stremersch et al. (2007) who did not find any effect between the number of references and 

citations. 

Table 16. Summary of support for hypotheses. 

6.1.5. Types of articles 

If the authors want to maximize the citations they receive, they should focus on writing lit-

erature reviews and meta-analytic studies. This finding is in line with other studies conducted 

on literature reviews and meta-analytic studies in other fields (Vanclay, 2013; Patsopoulos 

et al., 2005) and in marketing (Eisend & Lehmann, 2016).  

This increase in citations seems to have some carryover to future articles in the case of liter-

ature reviews but not meta-analytic studies, meaning that literature review writers will enjoy 

higher citations in the future as well. Though, the writers of literature reviews were also 

slightly more experienced than other authors. I will get back to this issue later (in Sugges-

tions for further research). Judge et al. (2007) note that meta-analyses are some of the most 

Hypothesis Supported? 
H1a: Older articles have gained more citations than newer ones, in total. Yes 
H1b: Newer articles have gained more citations during the first five years. Yes 
H1c: Citation performance decays over time. Yes 
H2: The number of self-citations positively affects non-self-citations. Yes 
H3: Journal is the main driver of citations. Yes 
H4: Higher impact factor leads to more citations. Yes 
H5: Articles at the beginning of the issue gain more citations. No 
H6: Review articles and meta-analytic studies gain more citations. Yes 
H7a: Higher reference count leads to higher citation rates. Yes 
H7b: Newer references lead to higher citation rates. Yes 
H8a: Award-winning articles gain more citations. Yes 
H8b: Award-winning articles are more readable. Yes 
H8c: Award-winning articles are longer. Yes 
H9: Longer articles gain more citations. Yes 
H10a: Longer articles have more appendices, figures, and formulas. Yes 
H10b: The number of appendices, figures, and formulas affect the citation rate. Partially 
H11: Title length (in number of words or characters) affects citations. No 
H12a: Colons, hyphens, and question marks in titles make them longer. Yes 
H12b: Colons, hyphens, and question marks in titles affect citations. Partially 
H13: Past citations drive future citations. Yes 
H14a: Higher productivity leads to higher citations. No 
H14b: Higher productivity leads to higher self-citations. Yes 
H15a: Higher collaboration leads to higher citation rates. No 
H15b: Higher collaboration leads to a higher self-citation rate. Yes 
H15c: Higher collaboration leads to lower per-author productivity. No 
H16a: Readability of abstracts affects citation counts. No 
H16b: Readability of full texts affects citation counts. No 
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rigorous types of papers, but, interestingly, the carryover effect is only related to literature 

reviews. I believe this has not been studied before, and especially not in marketing. 

6.1.6. Awards 

Even though authors were not the focus of my study, award-winning authors did come to 

publish more popular papers than other authors, while before winning the award, the differ-

ence was not as large. It is worth noting that my data is somewhat flawed since the awards 

were not assigned to the authors, but to the articles. Then again, this should only flatten the 

difference: award-winning authors are also considered into the “other authors” category, ex-

cept in the case of the actual award-winning articles. This increased popularity was not 

driven by higher productivity by the award-winning authors, but something else, since even 

the citations per paper were highly different (Maward = 35.4, Mnon-award = 23.9). I will return 

to this issue later in Suggestions for further research. However, as far as I know, this is the 

first time when awards and citations of other papers were analyzed in marketing. Authors 

such as Stremersch et al. (2007), Sawyer et al. (2008), as well as Eisend and Lehmann (2016) 

have studied award-winning articles in marketing, but not this extent where the carry-over 

effects were analyzed. 

6.1.7. Title 

The title of the article could be considered important since it is the first thing other people 

are likely to read first. It works as a marketing piece for the article, as well as it plays a major 

role in finding the article (Jamali & Nikzad, 2011). Jamali and Nikzad (2011) found that 

articles with question titles were downloaded more but cited less than descriptive or declar-

ative ones. They also found that titles with colons were less cited than ones without, while 

Jacques and Sebire (2010) found the opposite. In marketing, as the results suggest, colons—

and to an extent, hyphens—are associated with higher citations, while question marks did 

not have a significant impact on citations. While all of these elements make titles longer, 

longer titles (measured in words or characters) themselves did not have any significant effect 

on citations, even if colon and hyphen were removed from covariates. However, simply 

changing the title to include a colon or a hyphen might not prove effective, since there might 

be something else at play that was not analyzed within this paper, such as the attention-

grabbing potential. Then again, as Jamali and Nikzad (2011) point out, simply grabbing 
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attention might be enough to attract the user to download the article but getting her to cite it 

is probably not due to the title. 

6.1.8. Position in issue 

Position in the issue, the earlier the article is, the more citations it receives. However, as the 

linear model suggested, this effect is caused by something else but the position. Also, the 

way position is measured was tested whether it would cause issues since it is a range from 1 

to the last article within the issue, where the size of the issue plays a role, but multiple anal-

yses showed similar results—position is not significant in this dataset. This contrasts 

Stremersch et al. (2007), where they found a significant effect in position, however in the 

same direction as my results are suggesting. 

6.1.9. Article length 

Longer articles perform slightly better than shorter articles, similarly to the findings by 

Stremersch et al. (2007). This might also be an artifact caused by a perceived difference in 

impact by the reviewers and editors, allowing “better” papers to be longer (Peters & van 

Raan, 1994). Longer articles also included more extra elements: appendices, figures, quotes, 

and formulas, but were also harder to read, again similar to the findings by Stremersch et al. 

(2007). 

6.1.10. Readability 

While in general, longer articles tend to be less readable, award-winning articles are longer, 

easier to read, and have more figures than other articles. Armstrong (1980) found that less 

readable articles were considered better, while Oppenheimer (2006) and Hartley et al. (2002) 

found that easier to read articles were deemed better.  

Stremersch et al. (2007) found that harder to read articles perform slightly better, but this 

was not the case in my analyses, since the effect was not significant, except in correlation 

where the effect was as Stremersch et al. (2007) had found. While there is not a clear con-

nection between the readability of full texts and abstracts of articles and the impact of the 

articles, authors should not worry about making their texts too easy to read, since award-

winning articles are on average easier to read than other articles—an easier-to-read article 

can perform very well. 
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6.1.11. Collaboration 

Collaboration, or author count, itself did not have a significant impact on citations. This 

finding is not in line with Stremersch et al. (2007) since they found that more authors lead 

to fewer citations. Bjarnason and Sigfusdottir (2002) found that higher collaboration leads 

to lower per-author productivity. This was not, at least consistently, supported by my data. 

6.1.12. Productivity and experience 

Even though productivity and experience—number of articles before or after the analyzed 

article and citations received before the article—did not play a major role in the linear re-

gression model, more experienced authors were more likely to write award-winning and lit-

erature review articles. Past citations also had a very minor, yet statistically significant effect 

on citations.   

6.2. Other issues 

In this short section, I outline some interesting findings that did not directly relate to citation 

factors identified in this study.  

Based on the full texts of JM and JMR, authors who used more direct quotes, wrote harder 

to read texts. Usually, authors might use a direct quote because they deem the other authors 

to have written the thing as well as possible, not being able to improve the language in any 

way. These same authors then also write harder-to-read texts. While this paper was not able 

to dig deeper into this, it might be caused by the authors not being able to write as good 

English. 

Sawyer et al. (2008) found that more experienced authors write easier to read texts. There 

were not any significant meaningful interactions in my dataset between past productivity 

and readability levels of abstracts and full texts. 

The number of references is highly correlated with full-text readability grade—more refer-

ences making texts harder to read. 

6.3. Methodological issues 

In this section, I discuss methodological choices that I made, which can prove useful for 

other authors or that can be used for an extended discussion on them. 
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6.3.1. Zero-inflated regression 

As I discussed earlier (Statistical tools for citations), when studying citations, authors should 

refrain from using zero-inflated negative binomial regression models. While citations are 

count data, they are also over-dispersed, ruling out Poisson regression models (Cameron & 

Trivedi, 2001). Citations can also often, especially when analyzing articles published in less 

popular journals, be zero, and depending on the dataset, these zero counts can be over-in-

flated, more than the negative binomial regression expects (Hilbe, 2011, p. 354). However, 

using a hurdle or zero-inflated model would require a separate, specific, undisputed process 

or phenomenon to model the binary process, where the articles could not receive citations 

(Hilbe, 2011, pp. 355, 370–371). If an article is published, or even to be published, it can 

receive citations. Will it, is a different question. Even if a hurdle or zero-inflated model 

would fit the dataset better, it is not always advised (Wilson, 2015). 

6.3.2. Readability 

While other authors such as Gazni (2011) have successfully used Microsoft Office Word 

API to analyze large quantities of abstracts, Python libraries might be better for the job, since 

they can calculate multiple types of readability scores, not only Flesch.  

Other authors have removed headings from the full-text readability score analyses, because 

they may have wanted to make the sections more comparable to abstracts (e.g. Hartley et al., 

2003a), other times they are removed for apparently no reason (Hartley et al., 2002; Hartley 

et al., 2003b; Sawyer et al., 2008). Zhou et al. (2017, p. 98) removed headings because they 

were “often not included in the materials used to develop these equations.” While that is 

correct, headings are a large part of academic articles’ organization. And then again, aca-

demic citations and avoidance of contractions were not a part of the materials, either. Read-

ability formulas have been criticized for not taking organization into account (Dubay, 2007, 

p. 6). Bauerly et al. (2006) recommend using headings and subheadings to guide the reader.  

Not removing headings and other “extra” elements, such as tables and bullet lists can cause 

problems with the interpretation of the text for the calculation of the readability scores, since 

the scores are mostly based on word and sentence length. If sentences are not identified 

properly, which usually happens by finding sentence-ending periods, the calculations will 

be incorrect. 
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To combat these two conflicting issues, I decided not to delete the headings but instead added 

a period at the end of each heading and subheading. This way, they are counted as short 

sentences, thus reducing the readability scores slightly. The more headings there are, the 

clearer the structure is, and the easier the text is to read. Naturally, this effect is rather mini-

mal, when the number of headings is still quite low, among many long sentences. 

In this paper, I used three different Python libraries to count the readability scores, which all 

gave slightly different (though highly correlated) scores for the same texts. This is common 

among these calculators: all online calculators, Python, and Microsoft Word offer different 

results for simple texts. This difference is mainly caused by the way sentences are identified, 

how hyphenated words and abbreviations are treated.  

The abstracts of the articles used for this paper often contained irregular copyright infor-

mation. The use of regular expressions made removing them rather effortless. As an option, 

abstracts probably could be downloaded from a database that does not store this information. 

However, when analyzing abstracts, these extra texts must be removed before calculating 

readability scores to make them comparable. Short sentences such as “All rights reserved.” 

can shift the grade levels of short abstracts up to one grade. 

7. Conclusions 

This section first summarizes the paper and then gives practical recommendations for aca-

demics on how they can gain more citations. Lastly, this section outlines the limitations of 

my study and suggests avenues for further research. 

7.1. Summary 

In this paper, my goal was to identify what factors drive citations in marketing, and espe-

cially if readability plays a role in it. Based on negative binomial multiple regression, corre-

lations and ANOVAs conducted on bibliometric data and abstracts of 9,350 marketing arti-

cles and 2,742 full texts, it can be concluded that readability did not have an impact on cita-

tions, while other factors were found to have a significant impact. 

Otherwise, the results were well in line with previous work by Stremersch et al. (2007), and 

thus, most hypotheses were supported. While the methodological choices were mostly ad 

hoc, and not based on any previous literature since very few authors had laid out how exactly 
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they had calculated certain values, they supported answering the research questions. How-

ever, combining this automated data extraction and analysis with more extensive manual 

work would probably lead to more and deeper insights on citation behavior.  

7.2. Practical implications 

In this section, I give practical recommendations for academics on how they can improve 

their citation performance.  

First, quite obviously, authors should maximize the contribution of their work. This increases 

the chances to be published in higher impact journals, winning an award, and even being 

longer within the issue. Thus, what is said is probably the most important. If nothing else, 

publishing in a more popular journal is the next best bet. 

Authors should cite their own work as much as possible. This might mean splitting the article 

into multiple papers, as long as they can also be published within the same high impact 

journals. 

Using newer and more references can help authors get more citations. Some authors have 

found that this might only increase perfunctory mentions, i.e. “I cite you, you cite me” cita-

tions (Stremersch et al., 2015). Though, it might be wise to enjoy it while we can, since it 

might be possible that citation databases start accounting for these at some point.  

Similarly, editors’ and reviewers’ behavior toward selecting articles and coercing authors to 

cite other articles within the journal should change. As Wilhite and Fong (2012) suggest, 

removing journal self-citations from calculations of journal impact factors would benefit the 

situation. Editors should not favor authors that are familiar to them, or to whom they owe 

something. Furthermore, editors should focus on the readability of articles. Academic writ-

ing does not have to be complex. It is possible to convey great thoughts without great sen-

tences. The same holds for authors themselves. 

Authors should refrain from using extravagant words when small ones suffice. Verbosity—

the use of long sentences that could easily be explained in a shorter way—is to be avoided. 

By using unnecessarily complex writing, authors may try to obfuscate the fact that they have 

no idea what they are talking about. Truly understanding something means knowing how to 

easily explain it to the audience. No one likes to read texts that are way too difficult. 
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In all seriousness, why does academic writing have to be so serious? Why does it have to 

lack emotion? Even I, who usually does like to write in a more personal style, am struggling 

to do so in academic writing. In her book, Sword (2012) explains that stylish scholars: 

express complex ideas clearly and precisely; produce elegant, carefully crafted sen-

tences; convey a sense of energy, intellectual commitment, and even passion; engage 

and hold their readers’ attention; tell a compelling story; avoid jargon, except where 

specialized terminology is essential to the argument; provide their readers with aes-

thetic and intellectual pleasure; and write with originality, imagination, and creative 

flair. (pp. 7–8) 

Even though readability formulas can be used to accurately judge the reading level required 

to easily comprehend a piece of text, it is important not to write to the formula. By simply 

splitting sentences into two, authors can make the connections between sentences vaguer 

and thus the text harder to comprehend. Instead, authors should try to use simpler words and 

simpler sentences from the beginning. The text should be organized properly and the sen-

tences should be as compact as possible, as long as they get the point across without a pos-

sibility for misinterpretation. As Dubay (2007) concludes: 

When adjusting a text to the reading level of an audience, using a formula gets you 

started, but there is still a way to go. You have to bring all the methods of good 

writing to bear. 

The general features of a text are tightly related to one another. You have to worry 

not only about vocabulary and sentence structure, but also the design, organization, 

coherence, tone, approach, and illustrations that your readers expect. (p. 114) 

7.3. Limitations 

In this section, I discuss the limitations of my study.  

First of all, I only analyzed 12 top English marketing journals. The results may—and prob-

ably would—be different in less impactful journals. The language may also play a part, es-

pecially in readability. Maybe readability affects articles written in other languages differ-

ently. 
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There is also a large part of the variance that has not been accounted for by the generalized 

linear model. Most likely, as the best-performing articles could suggest, it is related to con-

tent. As Stremersch et al. (2007) state, “what is said” is more important than “how it is said” 

or “who says it.” However, analyzing the content, especially reliably, on this scale would be 

very difficult, or at least time-consuming. 

While Tahamtan et al. (2016) suggest that multiple regression analysis is more reliable for 

analyzing citations than a simple correlation, it still does not equate causality. For example, 

self-citations themselves will give more visibility to the paper, but it is unclear whether other 

authors would see a paper full of author-level self-citations and think unfavorably of this, 

making them less likely to cite the paper, reducing the impact of self-citations on non-self-

citations. Similarly, even though readability did not play a role in my study for citations, 

without a randomized controlled trial, where other factors such as content, authors, journal, 

etc. are held constant, while only readability is altered, it is hard to say anything conclusive 

on it. 

Collaboration and self-citations are measured only on one level each. Collaboration is meas-

ured in the number of authors, not across or within organizations and countries. Similarly, 

self-citations are only measured on the author level, not on journals, organizations, and coun-

tries. Other authors have seen effects on all levels (see 2.2.5). 

Productivity was measured using only “articles” in the Scopus database. However, after fur-

ther inspection, it would have been justified to also include “reviews,” since they sometimes 

included literature reviews or other proper articles, while sometimes they were editorials or 

book reviews. This is ultimately a problem with the Scopus database, misclassifying articles. 

While in general, I trust Scopus data to be highly accurate, there sometimes were missing 

values for DOIs, pages, and issues. Author IDs might also be sometimes incorrectly assigned 

to wrong authors, but with a quick check, they seemed to be correct. 

My study was focused on articles. Thus, author-related factors are not measured on all pos-

sible levels. For example, the position they hold within organizations has been associated 

with citation performance. Previously, I suggested that authors might be seen as “brands,” 

since more familiar authors might be more cited. However, this was not measured other than 

by the past citation counts and productivity. Along the same line, awards were only assigned 
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to the articles, not to the authors. Consequently, the authors were award winners only in the 

articles that had won an award.  

While Scopus and Web of Science were unable to identify literature reviews and meta-ana-

lytic studies properly, I do not claim that my methods for doing it were 100% accurate either. 

It is certain that the positively identified were in fact of that type, but I had very likely missed 

a lot of these articles since it was based mainly on keywords within titles and abstracts, as 

well as the number of references (all articles containing over 100 references, according to 

Scopus). Thus, if a literature review did not mention “review” or “literature” anywhere, was 

not identified as a review by Web of Science, and contained less than 100 references, it was 

not identified. 

References were only analyzed by count and recency. For example, network effects, refer-

ence type (primary and secondary), citation motivation (see 2.1.5), cited and citing articles’ 

impact, and the variety of references were not measured that some authors have found sig-

nificant (see 2.2.4). 

Issues vary in length, and the position is measured as a range from 1 to the last in the issue, 

sometimes up to 32. If the position was normalized somehow, it could have made a slight 

difference. Although, I tried analyzing journals differently to combat this issue (see 5.1.10). 

7.4. Suggestions for further research 

There was slight evidence towards awards and literature reviews benefiting the authors even 

for other articles, the analysis was not deep enough to make any conclusions. There are a 

couple of questions future research could address. Do awards affect citations after the fact, 

or are they simply given to the most popular articles, that simply remain popular, or is there 

a change after the award is given? Some awards are given rather soon after the publication 

of the article, while others are given for articles that had high impact. It could be beneficial 

to study the citation patterns before and after the award nominations. Also, in my study, I 

associated awards to their respective articles, not to their authors. Other authors could study 

whether these authors that had won an award become more popular after the fact. 

Since content was not measured or analyzed at all in this paper, there are a few possible 

future avenues regarding it. First, simply following the example of Stremersch et al. (2007) 

and identifying the general subject areas and methodologies of the articles and using them 
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as factors in the regression model. Second, by analyzing content differences between jour-

nals: do some journals favor some types of articles, or do some types perform better in one 

journal over another? Third, by using natural language processing (NLP) to analyze the con-

tent more deeply: use of keywords, trending topics, methodological choices, type of results, 

etc. 

Authors could do a deeper reference analysis – such as using a network model. Some authors 

have identified significant benefits in citing across disciplines and creating connections be-

tween new clusters of articles (e.g. Chen, 2012). Type of references, cited and citing articles’ 

impact, and the variety of references could all be measured rather easily automatically, while 

citation motivation would need a lot of manual work. 

Titles are some of the first things authors read from an article, and the evidence has been 

quite varied: in some cases, colons and hyphens in titles are associated with more citations, 

and in some cases the opposite is true. Besides, title types (descriptive, declarative, or ques-

tion; see Jamali & Nikzad, 2011) are found to have an impact on both downloads and cita-

tions. This seems like a typical marketing problem to be “solved,” if it is even possible. The 

main question is, why would a colon increase the citations for an article?  

Why do self-citations increase non-self-citations? It is not clear in my dataset why this hap-

pens. Even increased productivity cannot explain it. Maybe it is caused by increased promo-

tion. But then, an article can be promoted elsewhere as well. Which type of promotion is 

more impactful?  
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9. Appendices 

9.1. Appendix 1. 30 best-performing articles as per five-year citations 

Authors Year 
Five-year 
citations Title 

Zhao et al. 2010 994 Reconsidering Baron and Kenny: Myths and truths about mediation analysis 
Verhoef et al. 2015 838 From Multi-Channel Retailing to Omni-Channel Retailing. Introduction to the Special Issue on Multi-Channel Retailing. 

Bagozzi & Yi 2012 497 Specification, evaluation, and interpretation of structural equation models 
Grönroos & Voima 2013 549 Critical service logic: Making sense of value creation and co-creation 

Chevalier & Mayzlin 2006 357 The effect of word of mouth on sales: Online book reviews 
Trusov et al. 2009 363 Effects of word-of-mouth versus traditional marketing: Findings from an internet social networking site 
Spiller et al. 2013 351 Spotlights, floodlights, and the magic number zero: Simple effects tests in moderated regression 

Kozinets et al. 2010 381 Networked narratives: Understanding word-of-mouth marketing in online communities 
Payne et al. 2008 341 Managing the co-creation of value 

Zhu & Zhang 2010 339 Impact of online consumer reviews on Sales: The moderating role of product and consumer characteristics 
Bergkvist & Rossiter 2007 291 The predictive validity of multiple-item versus single-item measures of the same constructs 

Berger & Milkman 2012 439 What makes online content viral? 
Vargo & Lusch 2004 703 Evolving to a New Dominant Logic for Marketing 

Jarvis et al. 2003 267 A Critical Review of Construct Indicators and Measurement Model Misspecification in Marketing and Consumer Research 
Grönroos 2011 270 Value co-creation in service logic: A critical analysis 

Herhausen et al. 2015 266 Integrating Bricks with Clicks: Retailer-Level and Channel-Level Outcomes of Online-Offline Channel Integration 
Iacobucci 2010 234 Structural equations modeling: Fit indices, sample size, and advanced topics 

Chernev & Blair 2015 238 Doing well by doing good: The benevolent halo of corporate social responsibility 
Watts & Dodds 2007 242 Influentials, networks, and public opinion formation 

Berger 2014 323 Word of mouth and interpersonal communication: A review and directions for future research 
Iacobucci et al. 2015 216 Toward a more nuanced understanding of the statistical properties of a median split 

Bardhi & Eckhardt 2012 222 Access-based consumption: The case of car sharing 
Iyengar et al. 2011 238 Opinion leadership and social contagion in new product diffusion 

Schau et al. 2009 325 How brand community practices create value 
Arnould & Thompson 2005 307 Consumer Culture Theory (CCT): Twenty years of research 

Batra et al. 2012 260 Brand love 
Venkatraman et al. 2015 228 Predicting advertising success beyond traditional measures: New insights from neurophysiological methods and market response modeling 

Maglio & Spohrer 2008 203 Fundamentals of service science 
Reinartz et al. 2009 207 An empirical comparison of the efficacy of covariance-based and variance-based SEM 

Park et al. 2010 221 Brand attachment and brand attitude strength: Conceptual and empirical differentiation of two critical brand equity drivers 
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9.2. Appendix 2. 30 best-performing articles as per total citations 

Authors Year 
Total 

citations Title 
Zhao et al. 2010 3245 Reconsidering Baron and Kenny: Myths and truths about mediation analysis 
Jarvis et al. 2003 2702 A Critical Review of Construct Indicators and Measurement Model Misspecification in Marketing and Consumer Research 

Chevalier & Mayzlin 2006 2472 The effect of word of mouth on sales: Online book reviews 
Chaudhuri & Holbrook 2001 2143 The chain of effects from brand trust and brand affect to brand performance: The role of brand loyalty 

Diamantopoulos & Winklhofer 2001 2373 Index construction with formative indicators: An alternative to scale development 
Muniz Jr. & Guinn 2001 2403 Brand community 

Cronin Jr. et al. 2000 2830 Assessing the effects of quality, value, and customer satisfaction on consumer behavioral intentions in service environments 
Novak et al. 2000 1521 Measuring the customer experience in online environments: A structural modeling approach 

Sirdeshmukh et al. 2002 1677 Consumer trust, value, and loyalty in relational exchanges 
Sweeney & Soutar 2001 1997 Consumer perceived value: The development of a multiple item scale 

Childers et al. 2001 1382 Hedonic and utilitarian motivations for online retail shopping behavior 
Payne et al. 2008 1435 Managing the co-creation of value 

Kozinets 2002 1526 The field behind the screen: Using netnography for marketing research in online communities 
Dholakia et al. 2004 1197 A social influence model of consumer participation in network- and small-group-based virtual communities 

Bergkvist & Rossiter 2007 1232 The predictive validity of multiple-item versus single-item measures of the same constructs 
McAlexander et al. 2002 1262 Building brand community 
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