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Benchmarking Marketing Scholar Productivity 

 
 
Abstract 
 
Despite growing utilization of scholarly metrics to assess faculty research output, quality, impact 
and productivity, the marketing discipline has yet to develop a comprehensive, generalizable 
benchmark for assessing scholar productivity. This study builds on and extends previous 
productivity benchmark studies by examining a considerably larger and more representative 
sample of over 1000 marketing scholars from U.S. research-intensive schools and by assessing 
marketing scholar productivity over complete careers rather than for specific periods of time. 
Consistent with the objectives of benchmarking, the study findings enable educational 
administrators and faculty themselves to see exactly where a particular marketing scholar’s 
productivity falls within the range of scores.  
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INTRODUCTION 
 

As deans and heads of departments increasingly utilize scholarly metrics to assess 

research output, quality, impact and productivity (Rodriguez-Ruiz, 2009), “academic research is 

being parameterized as never before” (McKinnon, 2017, p.431).  A researcher's number of 

publications and number of citations are readily available from databases such as Web of 

Science, Scopus, and Google Scholar; these basic metrics are then used as a basis to calculate 

other metrics of individual productivity such as the h-index, the g-index, the hi-index, and the m-

index.  Researchers in the discipline of marketing are not immune to the trend, as evidenced by 

the existence of the American Marketing Association's annual Marketing Research Productivity 

Lists, which track top individual and institutional contributors to the premier journals 

(https://www.ama.org/academics/Pages/Wharton-Kumar-Once-Again-Lead-Research-

Productivity.aspx).  However, although multiple studies have examined many aspects of 

academic research performance, the marketing discipline has not yet developed a 

comprehensive, generalizable benchmark for assessing scholar productivity.   

The objective of our study is to provide generalizable, comprehensive and valid 

benchmarks of research productivity for marketing faculty at research-intensive U.S institutions. 

Benchmarking is a structured approach that involves data collection, analysis, and reporting to 

establish a standard of comparison that can then be used to evaluate or measure something else 

against that standard (Boswell, 1994). The object of the exercise is to develop a point of 

reference against which performance can be compared and improvements targeted. Although the 

process is most commonly employed in business contexts, benchmarking has also been used to 

examine the Australian Government’s new assessment system for journal quality (Soutar & 

Murphy, 2009), to compare the performance of journals recently added to the Web of Science 
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database (Chapman & Ellinger, 2011) and to develop citation benchmarks for Australian 

education faculty (Albion, 2012). More recently, with the objective of determining “how much 

scholarship is good enough”, Elbeck & Baruca (2015) develop a journal-neutral ratio for 

marketing faculty scholarship assessment that presents benchmark publication and citation 

counts for a sample of marketing educators.  

The current research contributes to the marketing discipline by building upon and 

extending Albion’s (2012) and Elbeck & Baruca’s (2015) benchmarking studies to present a 

comprehensive, generalizable benchmark of marketing scholar productivity. More specifically, 

in contrast to studies that analyze limited samples, our benchmark of scholarly productivity is 

generated using data gathered from over 1000 marketing faculty with Google Scholar profiles 

across U.S. research-intensive universities (approximately half the total number of marketing 

faculty at these institutions). Also, in addition to the number of cited publications and total 

number of citations for marketing scholars, we provide benchmarks for the h-index, a widely-

accepted metric that combines productivity (quantity) and impact (quality) into a single value. In 

contrast to previous studies that tend to examine limited time periods, our benchmark data is 

collected over the duration of each scholar’s career. Finally, and perhaps most importantly, we 

present box plots as a data visualization technique that highlights the distribution of the data. 

Supporting tables also provide detailed, comprehensive information for each metric by faculty 

rank that includes median, mean, number of outliers, 90th percentile and maximum scores. 

Consistent with the objectives of benchmarking, the study findings contribute to the marketing 

discipline by enabling educational administrators, promotion and tenure committee members and 

faculty themselves to more precisely see where a particular marketing scholar’s research 

productivity falls within the range of scores. 
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LITERATURE REVIEW 
 

Numerous studies in the business literature measure faculty productivity. Many of these 

studies attempt to provide benchmarks for comparison purposes.  For example, in order to 

estimate expected performance levels at the required tenure decision year, Dennis, Valacich, 

Fuller, & Schneider (2006) examine the number of publications in elite business journals by 

information systems faculty in their sixth year after receiving their Ph.D.  Subsequently, Dean, 

Lowry, & Humpherys (2011) build on this study by examining a larger number of faculty and 

including more journals to present benchmarks for expected numbers of publications in different 

tiers of journals based on the research emphasis of the institution.  Relatedly, Ford & Merchant 

(2008) study the productivity of advertising faculty by analyzing the authorship of articles in top 

advertising journals, while  Hsieh & Chang (2009) use the Web of Science database to conduct a 

similar study of scholarly activity in production and operations management in twenty core 

journals over a 50-year period.  Hasselback, Reinstein, & Abdolmohammadi (2012) likewise 

count articles written by accounting doctoral graduates, but refine the results by adjusting for 

journal quality and co-authorship.  Collectively, these studies rely heavily on identifying leading 

journals and counting articles that appear in them, a methodology that evaluates quantity but is 

dependent on journal prestige as a measure of quality for the articles in the journal. 

Other studies expand the benchmarking process by gathering a broader selection of 

articles, and, in some cases, considering indicators other than simple publication counts.  In their 

study of logistics researcher productivity, Coleman, Bolumole, & Frankel (2012) use leading 

journals to identify authors in the field and then collect citation data and h-indexes using Google 

Scholar to report benchmarks for six quality and quantity metrics: total and weighted authorship, 

total and weighted citation counts, and h-indexes based on total or weighted citation counts.  
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Rao, Iyengar, & Goldsby (2013) also study logistics researchers, although on a smaller scale.  

They collect author data from Google Scholar, including the h-index, and divide each 

researcher's h-index by the number of years since the researcher's first publication, calling this 

the h-rate.  Studies by Mingers (2009) and Dev, Parsa, Parsa, & Bujisic (2015)  also gather data 

from Google Scholar to explore the range of h-indexes for leading management faculty and to 

create a productivity index for leading hospitality faculty respectively.   

Studies on the productivity of marketing faculty show a similar progression from simple 

publication counts to the utilization of additional indicators.  In an early example, White & 

Hawes (1996) use college catalogs to identify marketing faculty at a designated group of 

institutions, then search for their articles in the ABI/INFORM database to report publication 

counts by institution and faculty rank.  Swan, Powers, & Bos (1999) also use the ABI/INFORM 

database to count publications by senior faculty and compare the distribution patterns to Lotka's 

Law.  Talaga & Chia's (2010) study of the productivity of marketing faculty is based on data 

collected from a sample of faculty resumes.  The authors studied variables such as which 

journals articles were published in, publication counts by rank, and authors’ AACSB 

academically-qualified status.  Saad (2010) uses data from the Web of Science database to 

compute h-indexes for an inherently small sample of elite scholars who published five or more 

papers in the four top marketing journals from 1989 to 2005. The study also reports h-indexes for 

other top marketing scholars and editors of marketing journals. Finally, Elbeck & Baruca (2015) 

use the Publish or Perish interface to collect Google Scholar data for a limited sample of 

marketing faculty from different ranks and from schools with different levels of emphasis on 

teaching and research.  The authors create benchmarks by rank and level of research emphasis, 
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and propose a new measurement, the Publication to Citation ratio, to be used for personnel 

matters such as tenure and promotion decisions. 

Most of the productivity benchmark studies described above are limited in their coverage 

of marketing faculty--for example, examining only authors from specified journals or senior 

marketing faculty--which makes it difficult to apply their benchmarks meaningfully across 

marketing faculty in general.  Thus, several authors recognize the need to provide benchmarks 

broken down by rank or level of research emphasis.  In more recent studies, authors have moved 

beyond simple publication counts to benchmark multiple indicators that reflect both quantity and 

quality.  To build on extant benchmark studies for marketing faculty, the current research reports 

generalizable benchmarks for the productivity levels of a comprehensive sample of tenure-track 

and tenured marketing faculty at doctoral-granting universities with a strong research emphasis 

using indicators that combine to represent both quantity and impact. 

 
METHOD 

Sample 

As a first step, we used the Carnegie Classification of Institutions of Higher Education, 

developed by the Center for Postsecondary Research at the Indiana University School of 

Education, Bloomington, Indiana.  Universities offering at least twenty doctoral degrees (not 

including professional degrees) are grouped into categories based on two indexes of research 

activity that reflect such factors as R&D expenditures in STEM and non-STEM fields, size of 

research staff, and number of doctorates conferred.  The institutions are then charted and divided 

into three classifications: moderate research activity (R3), higher research activity (R2), and 

highest research activity (R1) (Carnegie Classification of Institutions of Higher Education, 

2017).  We chose to focus our study on marketing faculty at R1 and R2 institutions, as promotion 
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at R3 institutions is often largely based on teaching and service productivity.  We downloaded 

the lists of R1 and R2 institutions, a total of 222 schools.  During fall 2016 we visited the website 

of each R1 and R2 institution to collect the name and rank of any tenure-track or tenured faculty 

member who was designated as a marketing faculty member.  We collected all faculty with ranks 

of assistant professor, associate professor, and professor for the 222 R1 and R2 institutions.  

Emeriti professors and those holding named chairs were included, but faculty whose titles 

indicated they were not tenure track, e.g., clinical professors and professors of practice, were 

excluded.  

Data collection 

To collect data on the productivity of marketing faculty, we turned to Google Scholar.  

Google Scholar has many shortcomings, including a lack of transparency about exactly what it 

covers, but the consensus in the literature is that Google Scholar has an impressive breadth of 

coverage, including both research and non-research materials in English and other languages 

(Halevi, Moed, & Bar-Ilan, 2017).  A continuing concern is the large number of inaccuracies and 

duplicate entries found in the database (Albion, 2012; Fagan, 2017; Mingers & Lipitakis, 2010; 

Waltman, 2016; Halevi et al. 2017).  Inaccuracies and missing information in bibliographic 

citations may make it quite difficult to locate items; in addition, Google Scholar does a poor job 

of distinguishing among authors with common names (Mingers & Lipitakis, 2010). To take 

advantage of Google Scholar's broad coverage but perhaps limit the number of inaccuracies, we 

utilized the Google Scholar Citations component.  Google Scholar Citations is a tool within 

Google Scholar that allows users to create a profile listing their own publications.  The user can 

correct inaccuracies, combine duplicate entries, and otherwise clean up their data.  The resulting 
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list displays numbers of citations for each publication, along with other citation measures for the 

author, such as the h-index and the i10 index (Google Scholar, n.d.). 

To mitigate time-based variance, we searched Google Scholar Citations over a three-

week period in early 2017 in order to find a profile for each marketing faculty member identified 

in our initial search.  If multiple profiles were found for a name, we used the word "marketing" 

or the university name as part of the search.  If no hits were found using the extra search terms, 

we examined each of the profiles in the results list, checking for cues such as a middle initial or a 

photo that matched the person's photo on their university's website.  We also searched for 

profiles by using a known publication by those individuals.  We recorded the gender of the 

individual, using the name and profile photo as guides.  When this was insufficient (e.g., the 

profile photo was missing), we looked for indicators such as gendered pronouns in the 

individual's profile at their university’s website.  We then recorded the URL of each profile 

identified, and gathered the following information: number of publications with citations, total 

number of citations, and h-index. 

Our original intention was to collect simply the number of publications listed in the 

profile, but we found that the Google Scholar profiles contain numerous examples of non-

research materials, (e.g., syllabi and newsletter articles), that are not germane to the objective of 

our study.  We also noted many examples of publications with incomplete or garbled metadata.  

As a way of eliminating these types of entries, we chose to count only publications that had been 

cited.  Because of Google Scholar's breadth of coverage, these might be journal articles, books, 

book chapters, proceedings, or other types of scholarly publications.  Number of cited 

publications is a simple indicator of level of productivity, without consideration for significance 

or impact.  Next, we recorded the total number of citations as reported by Google Scholar within 
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the profile.  The total number of citations represents the scholar's impact in the literature, and, by 

extension, the field; however, the number alone does not reveal whether the citations are 

primarily attributable to a handful of papers or are widely distributed across many publications.  

Therefore, we also recorded the h-index for each marketing scholar as calculated by Google 

Scholar.  The h-index, a metric originally introduced by J. E. Hirsch, is designed to indicate both 

overall productivity and the level of impact of the research.  The metric is calculated as follows: 

"A scientist has index h if h of his or her Np papers have at least h citations each and the other 

(Np – h) papers have ≤ h citations each" (Hirsch, 2005, p.16569).  The h-index has been widely 

accepted since its introduction in 2005 and has become a common indicator for evaluating 

faculty research performance (Saad, 2006; Zhang, Thijs, & Glänzel, 2011). However, Hirsch 

(2005) points out that h-indexes vary across different disciplines.  Others have pointed to 

questions concerning how self-citation or multi-authorship is handled using the h-index (Zhang 

et al., 2011).  More recently, Saad (2010) discusses causes for the variation in h-indexes across 

fields, focusing on why marketing and consumer scholars have lower h-indexes than some other 

fields. 

The authors cross-checked and double-checked every step of the data collection.  Several 

authors checked each of the cases where no marketing faculty were identified at an R1 or R2 

institution, where gender was unclear, and where titles or ranks were unclear.  Two authors also 

double-checked approximately 10% of the profiles for accuracy on the data collected, and no 

problems were found.  During data analysis, obviously incorrect records were removed, and 

further data clean-up was conducted.  For example, Google Scholar profiles of persons with 

common names were sometimes found to contain large numbers of publications that were by 

other authors with similar names but writing in different subjects, so those profiles were 
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eliminated. We also eliminated one faculty member whose productivity values were so extreme 

as to skew our analysis: Philip Kotler of Northwestern University.  During our analysis of the 

citation counts, we identified 31 outliers among R1 professors, i.e., professors whose number of 

citations was higher than expected based on our analysis.  Dr. Kotler's publications had accrued 

over 225,000 citations at the time of our data collection – 70,000 more than the second-highest 

total.  This gap between the highest and second-highest values was more than three times the size 

of any other gap in the distribution.  Because of the extreme value and sizeable gap separating 

this data point from the others in the set, we elected to eliminate it. 

Benchmark data visualization 
 

For improved visualization of the marketing faculty productivity benchmarks, we 

organized the collected data into a series of box plots.  A box plot, sometimes referred to as a 

box-and-whisker plot, provides a graphical representation of the distribution of numbers within a 

set.  The development of box plots for data visualization is attributed to noted statistician John 

W. Tukey (Lewandowski & Bolt, 2010; Tukey, 1977).  The quartiles of the set are computed, 

and a box is drawn on a graph between the first and third quartiles.  Lines are then drawn from 

the box to the position of the minimum and maximum values, with a crossbar at each of those 

positions.  These are the whiskers, sometimes also referred to as hinges.  The height of the box, 

i.e., the distance from the first to the third quartiles, is known as the interquartile range (IQR).  If 

either the maximum or minimum value lies more the 1.5 times the IQR beyond the box, the 

whisker is drawn at the 1.5 IQR position, and values lying beyond are considered outliers.  

(Note:  All of the outliers in this project fell above the upper whisker.)  Finally, the position of 

the median (the second quartile) is indicated with a line in the box.  Many variations of the box 

plot have been developed, but for this study we have employed the basic model as described 
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above (Frigge, Hoaglin, & Iglewicz, 1989; Lewandowski & Bolt, 2010; Tukey, 1977).  Box plots 

have been used to visualize data across numerous areas within the marketing literature, including 

marketing channels (Kalyanam, Lenk, & Rhee, 2017), marketing expenditures (Wieringa & 

Leeflang, 2013), transportation (Zarwi, Vij, & Walker, 2017), and tourism (Pan, 2015).  

We also conducted t-tests to identify significant differences between the group means for 

faculty at R1 and R2 institutions for each metric at each rank.  We used a preliminary Levene's 

test for quality of variances in each case to determine whether the variances could be considered 

equal and proceeded accordingly. 

RESULTS 

We identified marketing faculty at 111, or 97%, of the 115 institutions of higher learning 

classified as R1 and at 103, or 96%, of the 107 institutions of higher learning classified as R2.  

Table 1 shows further demographic information for the 2,172 marketing faculty identified.  

There was a preponderance of faculty at the professor rank at both R1s and R2s; male faculty 

outnumbered female faculty at both, with a greater imbalance at R1s.  The number of marketing 

faculty for whom we were able to find usable profiles in Google Scholar Citations was exactly 

half of the total identified in our comprehensive search (1,086 of 2,172).   

*Insert Table 1 here* 

Table 2 presents the same demographic details for the marketing faculty with Google 

Scholar profiles.  The distributions across ranks show similar patterns, with a similar 

preponderance of faculty at the professor rank at R1s.  The male-female ratios for the marketing 

faculty with Google Scholar profiles were also very similar, suggesting that the sample set 

analyzed in our study reflects the larger population quite well for these demographic categories. 
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The next sub-sections describe the results of our benchmark analyses of three indicators:  number 

of cited publications, total number of citations and the h-index. 

*Insert Table 2 here* 

Number of cited publications 

The first indicator benchmarked was number of cited publications.  Our findings are 

presented in the box plots in Figure 1, with further details in Table 3.  The box plot for R1 

assistant professors shows a minimum value of zero, first quartile value of 4, median of 6, and 

third quartile of 11.  The top whisker appears at value 21, but the table indicates that there were 

14 outliers (values above the top whisker) and the maximum value was 55.  We can interpret 

these values to mean that the minimum number of cited publications for R1 assistant professors 

was zero; the lowest quarter of these faculty had 4 or fewer cited publications; the next quarter 

had more than 4 and up to 6 cited publications.  The second highest quarter had more than 6 and 

up to 11 cited publications.  The highest quarter had values above 11, and 14 of those were 

considered unusually high, lying beyond the top whisker of the box plot.  We can see the effect 

of the outliers on the mean, which at 8.7 is higher than the median of 6.  In order to offer further 

context, the supporting table indicates that the top 10% of these faculty had more than 19 cited 

publications, and the maximum value was 55.  The box plots for assistant professors at R1s and 

R2s are somewhat similar, with the same median value and similar means.  The preliminary 

Levene's test for equality of variances indicated that equal variances could be assumed, and the 

subsequent t-test showed no significant differences between the means for the two groups of 

assistant professors, t(321)=.24, p=.81.   

Among associate professors, however, we see that the median values are somewhat 

different and the means are also further apart.  The Levene's test again indicated that equal 
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variances could be assumed, and the t-test showed a marginally significant difference in the 

means for the groups of associate professors, t(304)=2.05, p=.04.  The differences in the results 

for professors at R1s and R2s are even more pronounced; the median for R1s is actually higher 

than the third quartile for R2s.  At this rank the Levene's test indicated that equal variances could 

not be assumed, and the t-test showed a significant difference in the means between the groups 

of professors, t(441.74)=7.16, p<.001. 

*Insert Figure 1 and Table 3 here* 

Total number of citations 
 
 The second indicator benchmarked is the total number of citations, shown in the box 

plots in Figure 2 and supplemented with additional information in Table 4.  The median value for 

assistant professors at R1s is 103, while the median value for assistant professors at R2s is only 

69.5.  There are noticeably more outliers for R1s, and the mean for the R1 assistant professors is 

higher.  The 90th percentile is higher for R1s, although the maximum value for the R2s exceeds 

that of the R1s.  The Levene's test indicated that equal variances could not be assumed, and the t-

test showed no significant difference in the means for the two groups of assistant professors, 

t(295.83)=1.92, p=.06.   

The values for associate professors show a more pronounced divergence.  The median 

and mean for R1s are both much higher than those values for R2s, and the 90th percentile of the 

R1s is approximately 1.5 times the 90th percentile for the R2s.  Again the Levene's test indicated 

that equal variances could not be assumed, but for this rank the t-test confirmed significant 

differences in the means for the two groups, t(278.49)=3.91, p<.001.  Finally, the values for 

professors at R1 and R2 institutions are quite dissimilar.  The median for the R1s is notably 

higher than the third quartile of the R2s; the mean for the R1s is more than double the mean for 
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the R2s.  Likewise, the Levene's test indicated that equal variances could not be assumed, and the 

t-test confirmed significant differences in the means for the two groups, t(379.90)=4.45, p<.001.   

*Insert Figure 2 and Table 4 here* 

The h-index 

 Findings for the third indicator benchmarked, the h-index, are displayed in Figure 3, with 

supplementary information in Table 5.  The box plots representing the data for assistant 

professors are remarkably similar, with the same first quartile, median, and third quartile values.  

The mean and 90th percentile are slightly higher for the R1s.  In this case the Levene's test 

indicated that equal variances could be assumed, and the t-test showed no significant difference 

in the means, t(321)=1.19, p=.24.   

For associate professors, the first quartile value for R1s is equal to the median for R2s.  

The R2s have no outliers, indicating that their results are clustered more closely than those of the 

R1s.  The maximum value of the R2s is notably lower than that of the R1s.  At this rank, the 

Levene's test again indicated that equal variances could be assumed, but the t-test showed a 

significant difference in the means for the two groups, t(304)=3.96, p<.001 .  The values for the 

professors at R1 and R2 institutions are markedly different.  The first quartile for the R1s 

exceeds the median for the R2s, and the third quartile of the R1s is very close to the top whisker 

of the R2s.  Finally, the Levene's test indicated that equal variances could not be assumed, and 

the t-test showed a significant difference between the means, t(392.12)=9.82, p<.001. 

*Insert Figure 3 and Table 5 here* 

Summary of Findings 

The study findings reveal a clear pattern of research productivity performance across 

ranks for each of the three metrics examined. The data indicates that assistant professors at R1 
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and R2 institutions have largely comparable records. In contrast, the data highlights differences 

at the associate professor level with R1 associate professors consistently outperforming their R2 

counterparts on all three research productivity metrics. The data also reveal even greater research 

productivity differences at the full professor level with full professors at R1 institutions markedly 

outperforming their colleagues at R2 institutions on number of cited publications, number of 

citations and the h-index.  The next section presents an explanation for the patterns revealed in 

our findings and then discusses how the benchmark data presented in our study may be utilized 

and leveraged for the benefit of marketing academia’s various constituents. 

 
DISCUSSION 

 
A logical explanation for the patterns of similarity amongst assistant professors’ research 

productivity and the progressively greater differences between associate and full professors at R1 

and R2 institutions revealed in our study findings is that even though resources matter, they 

matter even more in the long run when motivation to devote time, effort and personal resources 

to ensure appropriate levels of research may dwindle. Indeed, the disparity between R1 and R2 

institutional research resources does not manifest itself at the assistant professor level. Rather, 

the data shows that newly-minted R1 and R2 assistant professors with similar state-of-the-art 

research training achieve similar levels of research productivity as they strive to build their 

research records in order to be continued.  Accordingly, there is a strong rationale and motivation 

for all assistant professors to devote time, effort and even personal resources to research 

regardless of the higher teaching loads, service expectations and commensurately lower research 

and conference travel resources that may be encountered at R2 institutions.  

The old adage that resources matter is illustrated by the progressively more significant 

productivity gaps identified between the R1 and R2 associate and full professors in our sample. 
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As faculty members achieve tenure and promotion, the motivation to devote time, effort and 

personal resources to research may dwindle for R2 marketing scholars whose work environments 

are often characterized by consistently higher teaching loads and service requirements than at R1 

institutions. Moreover, state-of-the-art research skills learnt in Ph.D. programs tend to gradually 

atrophy as new techniques emerge and the resources for refreshing them and opportunities to 

mingle with peers at conferences and other academic events may not be as readily available for 

R2 faculty as they are for faculty at R1 institutions.  Thus, as faculty careers progress and the 

initial desperate quest for promotion and tenure is realized, disparity between R1 and R2 

institutions on the time and resources provided for conducting research influences research 

productivity.   

Contending that factors like greater emphasis on research, higher levels of research 

support, and higher standards in hiring, tenure and promotion decisions may all contribute to the 

differences between R1 and R2 scholar research productivity revealed in the study findings is 

reasonable. Certainly, opportunities for future research that may help explain the differences in 

research productivity between R1 and R2 institutions include multiple intriguing issues that are 

outside the scope of this study. For example, is there a halo effect whereby an author's affiliation 

with an R1 institution results in a higher citation rate, and does being a faculty member at an R1 

institution result in a higher acceptance rate? We do, however, stress that our goal in this study is 

to provide generalizable, comprehensive and valid benchmarks of marketing faculty research 

productivity, rather than to provide explanations for variations in performance. Accordingly, we 

next discuss how our benchmark data can be utilized to benefit marketing academia’s various 

constituents.  
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The objective of our study was to build on and extend the rubric benchmarks created by 

Albion (2012) and Elbeck and Baruca (2015) to produce a comprehensive, generalizable and 

valid benchmark of marketing scholar productivity. In so doing, our study examines a 

considerably larger and more representative sample of marketing scholars from U.S. research-

intensive schools. Moreover, the benchmarks in our study assess marketing scholar productivity 

over complete careers rather than specific periods of time and present the data using a data 

visualization technique that allows readers to very clearly ascertain where any marketing 

scholar’s research productivity falls on the range of scores pertaining to their rank and type of 

institution.  

The veracity of our benchmark data is further reinforced by the data presented in Table 6.  

The median scores for number of publications and number of citations reported for research-

intensive schools' marketing faculty as reported by Elbeck and Baruca (2015) is compared with 

the medians for R1 and R2 marketing faculty in our study. The comparison of rubric benchmark 

data suggests that capturing marketing faculty productivity over the full period of scholars' 

careers results in a more complete picture of the full research landscape for marketing scholars 

than is achieved by limiting the data collection period to five years. The only similarity between 

the various benchmarks reported in the two studies is in number of cited publications for 

assistant professors. This finding is not particularly surprising, as, in addition to the rationale 

presented above, the vast majority of tenure-track assistant professors would have five years or 

less of productive scholarship.  However, as can be seen in Table 6, the discrepancies between 

rubric benchmarks for all other ranks on publications and citations are substantial, which 

suggests that a more generalizable sample of marketing faculty yields more generalizable and 

comprehensive benchmark data. The similarity of demographic profiles for the approximately 
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50% of marketing scholars at research-intensive schools with Google Scholar profiles and the 

other marketing scholars at research-intensive schools without Google Scholar profiles (shown 

earlier in Tables 1 and 2) further supports the validity of our data.  

*Insert Table 6 here* 

Comparing marketing scholar productivity across R1 and R2 institutions provides data 

that should be useful to those making decisions related to hiring as well as promotion and tenure 

and other merit issues. Developing comprehensive and generalizable benchmarks of citations, 

cited articles and h-indexes by academic rank provides an excellent benchmark for assessing the 

progress of marketing scholars. Thus, marketing administrators like deans and marketing 

department chairs, promotion and tenure committee members and marketing faculty themselves 

can all benefit from the benchmark data presented in our study.   

Most obviously, the benchmarks provide very precise and unambiguous categorizations 

of marketing faculty research productivity that can be used to accurately ascertain how faculty 

members are performing compared to their peers. In addition to providing objective information 

for marketing department chairs, the benchmarks can also be useful to academic administrators 

and college and university-wide promotion and tenure committee members from other 

disciplines who are frequently charged with evaluating the performance of marketing faculty. 

Objective, generalizable benchmark data can help decision makers to more effectively quantify 

difficult promotion, tenure, evaluation and other merit decisions by precisely pigeon-holing 

faculty members’ relative research productivity. Similar benefits may accrue to administrators 

and faculty search committee members that elect to utilize the marketing research productivity 

benchmarks as an additional factor in hiring decisions.  
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 Generalizable and valid marketing research productivity benchmark data can be equally 

useful to marketing faculty themselves as they present their cases for tenure, promotion, merit 

and new job applications. The ability to objectively compartmentalize and promote one’s own 

research productivity should be a tremendously influential factor in situations where quantifiable 

data can enhance candidacies. For example, imagine the credibility associated with being able to 

definitively state that as an R2 assistant professor, one is outperforming full professors at R2 

institutions or perhaps the top quartile of associate professors at R1 institutions!  

As stated in our introduction, academia tends to be fixated with metrics – some of them 

more useful and valid than others! We contend that the rigorous steps taken to ensure the 

generalizability of our data has produced an objective benchmark that can facilitate multiple 

aspects of academic decision-making by accurately representing marketing research productivity. 

However, we are in no way suggesting that decision-making in the marketing discipline should 

be driven by research productivity as the sole indicator of success. Rather, we recommend that 

the benchmarks presented in our study be utilized as an additional relevant factor for 

consideration where additional objectivity may enhance the quality of decisions and evaluations.  

Limitations of the study 
 
 An obvious limitation is that the data presented here represent a snapshot taken at a 

particular moment in time.  Faculty names were collected in fall 2016, and Google Scholar data 

was collected in early 2017.  All three of the metrics we gathered can only remain the same or 

increase over time, so if we gathered the metrics again for the same group of researchers, we 

would undoubtedly see many increased values.  However, by associating each researcher with 

their faculty rank, we have controlled for this upward trend to some extent.  As assistant 

professors accrue publications and citations, they will eventually move upward into the associate 
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professor category, and new assistant professors with fewer publications will join the category.  

Similarly, the associate professor group will be kept somewhat in balance as assistant professors 

are promoted in and experienced associate professors are promoted out.  In the professor group, 

the exit is typically retirement and a cessation of research activity.  It would be interesting to 

replicate this study in the future to discover to what extent these benchmarks change.  Numbers 

might vary due to the composition of the sample pool of researchers, and changes in institutions’ 

research expectations might influence marketing faculty to increase (or decrease) their 

productivity. 

 The simple metrics presented here constitute another limitation.  As explained earlier, we 

collected only items that had been cited.  We also counted each item and citation equally; we did 

not adjust our analysis to consider self-citations or multi-authored works.  The h-index, while 

widely accepted, likewise does not incorporate any adjustments for self-citations or multi-

authored works (Zhang et al., 2011).  Another limitation is the reliability of our data sources.  

Departmental websites might not be up-to-date, so faculty names and ranks might have been 

misreported.  As pointed out by Halevi et al. 2017, limitations related to Google Scholar include 

lack of transparency about what is covered and incorrect or duplicate records.   Moreover, 

Google Scholar continues to add sources to its coverage, which would also undoubtedly cause 

the metrics for many of the researchers whose productivity is benchmarked in this study to 

increase.  Our experience in gathering data from Google Scholar Citations also indicates that not 

every researcher who has created a profile has taken the time to correct errors.  We observed 

numerous examples of incomplete or incorrect metadata in the publication listings.  Human error 

on the part of the authors is also possible; despite our efforts to cross-check and double-check at 

every stage, errors may have slipped through.  Finally, as Elbeck & Baruca (2015) point out, 
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limitations and caveats such as citation counts’ susceptibility to the utilization of self-citations 

and the influence of potentially flawed qualitative evaluations of journal quality on perceptions 

of publication counts are inevitably associated with attempts to quantify faculty scholarship. 

Despite these challenges, the authors believe we have exercised care and have taken 

appropriate and rigorous steps to address these obstacles in order to produce valid and reliable 

productivity benchmarks for marketing scholar productivity that are both comprehensive and 

generalizable. Certainly, consistent with the objectives of benchmarking, the study findings 

enable educational administrators, promotion and tenure committee members and faculty 

themselves to see exactly where a particular marketing scholar falls within the range of scores.  
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