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ABSTRACT 

 

MARLO M. CAVNAR VERNON 

Indicators of improving life sciences research performance at US academic 

institutions  

 (Under the direction of E. Andrew Balas, MD, PhD) 

 

 
 The academic research institution has long been recognized as a source of 

innovation and scientific advancement. The goal of this study is to determine how 

external and internal influences on university research can best contribute to and 

benefit society through science, economics, and public health.  

 A systematic review of university ranking systems first outlines the current 

metrics used to evaluate the productivity of research and their validity for assessing 

research quality and translation of ideas. A total of 24 ranking systems were identified 

and 13 eligible ranking systems were evaluated. Ranking systems rely on singular 

indicators, reputation surveys, and tend to be non-replicable. Rankings influence 

academic choice yet research performance measures are the most weighted indicators. 

 A new multi-dimensional framework of indicators for evaluation of academic 

research is then proposed across three factors: contributions to science, public health, 

and economics is then proposed. Data on faculty size, research expenditure, 

publications, citations, intellectual property outcomes, clinical trials registration and 

results, and contributions to clinical practice guidelines were included. National 

benchmarks are reported for the top ten percentile averages of each indicator.  



 
 

 One of the proposed public health indicators utilizes clinical trials reporting. At 

167 universities, 16,787 clinical trials were evaluated for planning, execution, and 

overall quality between 2001 and 2016. Over time, significant quality improvement 

was observed, however execution quality was much lower than planning quality. For 

completed intervention trials after 2007, only 21% (95%CI: 20%, 21%) had uploaded 

results – this is required under certain conditions within one year of completion. NIH 

funded trials had significantly better quality scores than all others (p<0.001).  

 Finally, latent profile analysis (LPA) identified three university profiles 

determined by the proposed indicators, which significantly predicted research 

expenditure and income generated from licensure. The profiles were also linearly 

associated with the 2015 Carnegie Classification, providing convergent validity.  

 Considering the large ratio of non-reproducible research, and the increasing 

societal pressure to demonstrate value, broader and more practical indicators for 

evaluation, as proposed, may better support improvement and attract public trust in 

research.
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I. INTRODUCTION 
 

A. Statement of the Problem and specific aims of the overall 
project  

 

 Research universities and sponsors increasingly define themselves as essential 

sources of innovation and economic prosperity. The current lack of transparency in 

reporting and lack of high-level common metrics are barriers to overall clinical 

translational research accountability. No replicable, composite measures exist for 

institutions to consistently evaluate research innovation and impact on three specific 

outcomes: scientific models, economic, and improvements in public health.  Other 

research paradigms are criticized for a lack of meaningful research goals and waste of 

resources from both private and public sources. This limits development and 

implementation of quality improvement plans for research and narrows the focus to 

singular quantitative measures of research outcomes – number of publications, citations, 

patents, which do little to predict actual societal benefit.  

 The goal of this study is to determine how external and internal influences on 

university research can best contribute to and benefit society through science, economics, 

and public health. The ultimate purpose of research is to understand our environments and 

improve the quality of life for all. Without an appropriate grasp of the factors that are 

associated with efficient research processes and meaningful outcomes in a university 

environment, time and resources are wasted. By evaluating and analyzing the growth of 

institutions through inputs/resources and outputs/productivity, institutions will be able to 
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apply the resulting significant indicators to streamline their own research processes and 

better set them up to grow innovative, meaningful research. 

Specific Aim #1: Conduct a systematic review of current university ranking systems to 

evaluate their validity for assessing research quality and improvement. 

Hypothesis 1: University ranking systems will not adequately address the issues 

of societal impact, translation and replicability through innovative research for use 

in ongoing evaluation. 

Specific Aim #2: Identify appropriate indicators of innovative research development 

which promote the translation of discoveries for three major aspects of institutional 

innovation productivity. 

Hypothesis 2: The following indicators will describe the proposed outcome 

factors: scientific (patent awards, publications, citations, IP disclosures), public 

health outcomes (ClinicalTrials.gov registrations, clinical trials with results, 

citations/authorship of Clinical Practice Guidelines), and economic (active 

licenses, start-ups, industry collaborations and licensing income). 

Specific Aim #3: Examine the quality of clinical trials registrations and their validity as 

indicators of university research health contributions. 

Hypothesis #3: Clinical trials registrations by universities will have issues of 

quality and may be useful indicators of university contributions. 

Specific Aim #4: Develop profiles of universities using the proposed indicators of the 

three major aspects of institutional research and categorize institutions, over a five-year 

period 



15 
 
 

 

 

Hypothesis 4: Latent profile analysis will identify institutions by the proposed 

indicators, providing evidence of the translation of research into societal benefit. 

 By exploring and defining modifiable influences to improved research 

institutional environments, significant advancements can be made to the entire process of 

life sciences research. The proposed longitudinal evaluation development will be 

particularly useful for the institutional administrators, scientists, funding agencies, and the 

national innovation agenda by improvement of research processes and elevating overall 

research productivity. The public expects health research to translate to healthier and 

longer lives; creating supportive and efficient research environments will support these 

efforts. 
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B. Literature Review 
 

 The value of science is in its ability to impact society. Various academic, clinical 

and policy-making stakeholders routinely express the value of life sciences in very 

different terms to different audiences. It is unknown how to best quantify an academic 

institution’s beneficial societal contribution through research. Consequently, there is an 

emerging need for comprehensive outcome measures to evaluate if institutions are 

improving over time in the research productivity. In this project, the societal impact of 

university research is proposed along three commonly highlighted dimensions: the 

scientific productivity, economic impact, and public health impact of academic research.  

 The socio-ecologic theory of health, proposed in 1988, presents a framework 

which identifies the influences of both the individual and environmental determinants on 

health (McLeroy, Bibeau, Steckler, & Glanz, 1988). Building upon ecologic systems 

theory of Brofenbrener, this theory moves the micro, meso, exo, and macrosystems of 

influence into intrapersonal factors, interpersonal processes and primary groups, 

institutional factors, community factors, and public policy, which influence health on an 

individual and societal level. This model emphasizes that health improvements require 

multi-faceted strategies that extend beyond individual education and into the community, 

social, and public sphere (Stokols, 1996).  

 The university sits in a unique position, crossing the spheres of influence as both a 

community and social stakeholder, but also with input into public policy. Universities tout 

their contributions to the economy of their communities through employment of 

individuals and increases in commerce. The research that results from university efforts 
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may also influence the health of individuals and promote changes to institutional 

environments. The translation of scientific discoveries progresses initially through 

publication of results, disclosures of intellectual property, and ensuing pathways to 

implementation. The IOM recommends that research can be tracked through the 

Translational Research Continuum – from T0 (Basic Research) – T1 (Translation to 

humans) – T2 (Translation to Patients)-T3 (Translation to Practice) -T4 (Translation to 

Communities) (Leshner, Terry, Schultz, & Liverman, 2013). This occurs through 

academic and community partnerships and knowledge exchange (Khoury, Gwinn, & 

Ioannidis, 2010; Leshner et al., 2013).  

 Research universities and sponsors increasingly define themselves as essential 

sources of biomedical innovation and economic prosperity. The impact of academic 

research is routinely highlighted as important by university presidents advocating for 

increased biomedical research funding (Association of American Universities, 2013), well 

the US Congress through laws such as the American Innovation and Competiveness Act 

(2017)  , and the 21st Century Cures Act  (2016). Beyond multiple indirect economic 

channels of university research such as consulting and workforce development, the Bayh-

Dole Act permits universities to patent and profit from their intellectual discoveries (J. G. 

Thursby & Thursby, 2003). Congressional appropriations committees and funding 

agencies want to know the economic return on their investment in academic research and 

mandate such reporting through laws such as the 21st Century Cures Act and the 

American Innovation and Competiveness Act (Jerry Thursby, Fuller, & Thursby, 2009).  
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However, translation of this research may take many years to be impactful. Studies 

suggests an average of 17 years to transfer 15% of clinical trial results to patient care 

(Balas & Boren, 2000). Several recent analyses indicate an undesirable slowdown of 

research innovation in life sciences (Executive Office of the President & President's 

Council of Advisors on Science and Technology, 2012; Moses et al., 2015; E. Phillips, 

Lombardi, Abbey, & Craig, 2013). For example, the failure rates for new drug 

development in Phase II trials have risen from 72% to 82%, mostly due to insufficient 

efficacy and non-replicable preclinical results (Prinz, Schlange, & Asadullah, 2011). 

Meanwhile, it is believed that fewer than half of faculty inventions with commercial 

potential are disclosed to their employing universities (JerryG Thursby, Jensen, & 

Thursby, 2001). 

 Research paradigms are criticized for a lack of meaningful research goals and 

contribution to ongoing waste of research resources from both private and public sources 

(J. Ioannidis et al., 2014; J. P. Ioannidis et al., 2014). Research quality issues exist within 

university research; in the last 10 years, several studies and commentaries have 

highlighted the need for improvement in transparency, replicability, and meaningful 

research outcome reporting (Begley & Ellis, 2012; Chalmers et al., 2014; J. P. Ioannidis, 

2005; J. P. A. Ioannidis, 2014; Valantine & Collins, 2015). Evaluating the translation of 

research is typically limited in scope to iterations of publication and citations rates, 

although the need is well documented and currently being explored by the NIH. By 

unpacking significant influences to improved research institutional environment and 
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productivity outcomes, substantial advancements can be made to the translation of 

biomedical and public health research.  

C. Quantity over Quality – University Ranking Systems 

 Recent commentaries and research highlight that scientists are incentivized 

to increase quantity rather than quality (Abbott et al., 2010; Bonnell, 2016; Horton, 2015; 

Smaldino & McElreath, 2016).  Amassing the research product: publication/patent, may 

be easily manipulated in order to increase productivity metrics, without actually 

increasing contribution to science and society (Heinrich & Marschke, 2010). A university 

may also excessively rely on the number of patents or publications when measuring 

productivity. This results in numerous patent applications which do not contribute any 

societal benefit.  

University rankings are scrutinized by prospective students and institution staff for 

comparison and as evidence of quality improvement efforts. Many university 

administrators rely on university ranking systems as indicators of improvement over time 

and in comparison, to other institutions. As a result, rankings have significant impacts on 

institutional strategic planning, reputation among peers and students, and attractiveness in 

extramural funding (Castro & Tomas-Folch, 2015; Saisana, d’Hombres, & Saltelli, 2011).  

 Universities promote improvement in standings as evidence of progress in the 

academic and research environments when requesting funding from government sources 

(Aguillo, Bar-Ilan, Levene, & Ortega, 2010). Other universities use ranking systems as 

evidence of cost-benefit for previously funded initiatives and to support additional 
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funding requests. Consumers use university rankings to evaluate higher education 

opportunities both nationally and internationally.  

 Previous reviews of university rankings found that emphasis on reputation and 

institutional resources may not truly represent university quality (Clarke, 2002; Dill & 

Soo, 2005; Moed, 2017; Saisana et al., 2011; Taylor & Braddock, 2007). Reviews of five 

ranking systems by Dill &Soo focused on the suitability of rankings as representative of 

academic quality (2005). Their findings demonstrate that ranking system indicators are 

not sufficient for promoting policy decisions or consumer choice. Suggested academic 

quality indicators include student entry criteria, program completion rates, proportion of 

graduates entering employment upon graduation, professional training, higher degrees, 

and the average starting salaries of graduates. Frey and Rost concluded that publications 

and citations were not suitable indicators of scientific institutional worth (2010). Their 

results suggest that multiple criteria should be implemented when assessing institutions 

for quality. 

 Research expenditure, how much money an institution receives and applies to 

scientific research, is often considered as an indicator of the strength and quality of an 

institution’s research capabilities yet has demonstrated a diminishing rate of return 

(Mongeon, Brodeur, Beaudry, & Larivière, 2016). Increasing the total number of a 

research product: publication or patent, may be easily manipulated to increase rankings 

without actually increasing contribution to science (Bloche, 2016; Heinrich & Marschke, 

2010). 
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 Current university level productivity measurement approaches unfairly 

disadvantage smaller institutions. Larger institutions have a disproportionate advantage in 

that their larger resource base and faculty produces more innovation than smaller 

institutions (Florida, Knudsen, and Stolarick 2006). For example, using simple aggregate 

measures, the University of California System innovation productivity will always exceed 

CalTech while when evaluated per faculty, productivity measures are comparable. 

University rankings often fail to normalize comparison variables by size of the university 

when distinguishing their top tier samples (Aksnes, Schneider, & Gunnarsson, 2012; 

Bornmann, Stefaner, de Moya Anegón, & Mutz, 2014; Liu, 2015), limiting 

generalizability and applicability across diverse institutions.  

D. Singular Indicators Are Insufficient for Evaluation 

 In the scientific community, contribution to knowledge is the most widely 

accepted and measured benefit of research. Currently, publications and citations are the 

most commonly used and measured accepted metric for evaluation of scientific 

productivity and translation of knowledge within an academic research environment. 

Numerous iterations of these metrics, from number of high impact journals to complex 

citation bibliometrics have been proposed (Bornmann, Mutz, & Daniel, 2008; Hicks, 

2012; Hicks, Wouters, Waltman, de Rijcke, & Rafols, 2015). Ultimately, these single 

indices are not sufficient to describe the value of science to society – more often than not, 

they also lack clarity and are not intuitively obvious. A Canadian evaluation found a 

diminishing rate of return between increasing research expenditure and high quality 

research (Mongeon et al., 2016). An earlier review by the Institute of Medicine concluded 
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that the lack of transparency in reporting and lack of high-level common metrics are 

barriers to overall clinical translational science program accountability (Leshner et al., 

2013).  

 Similarly, generating one intellectual property disclosure requires vastly different 

amounts of research at various universities (Lanjouw & Schankerman, 2004). In an 

evaluation of international performance based funding systems, institutions who 

demonstrate high research performance – identified through publications and citations- 

generally receive a larger proportion of funding with the outcomes evaluated for 

performance solely focused on the number of publications and citations (Hicks et al., 

2015). Faculty awards, promotion and tenure policies and scientific reputations of 

institutions rely heavily on these metrics in assessing scholarly creativity (F. S. Collins & 

Tabak, 2014; Edwards & Roy, 2016). 

 Universities want to encourage the development of new and innovative research 

which also may have economic potential. The Bayh-Dole Act of 1980 significantly 

expanded the opportunities for university research outcomes, by allowing institutions and 

their faculty members to retain intellectual property rights to the work generated from 

federal research dollars (Woodell & Smith, 2017). Universities support IP 

Commercialization offices to facilitate the technology transfer commercialization – their 

role is to evaluate disclosures, assist faculty on filing patent applications on appropriate 

research, identify start-up potentials, and to manage the licensure of university IP. In 

2015, The APLU and AAU recommended that member institutions continue to manage 
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their IP in way which is beneficial to society – usually the taxpayers that funded the 

research behind the discoveries.  

 The economic impact of an institution’s research may also be demonstrated by 

knowledge transfer agreements which license intellectual property (IP), thus generating 

revenue, and start-up companies employing individuals (Bercovitz & Feldman, 2006; 

Rasmussen & Borch, 2010). The Association of American Universities economic impact 

summarizes contributions of member institutions in 2015: 4200 patent awards and 622 

start-up companies and 3,742 technology license agreements were reported 

(https://www.aau.edu/sites/default/files/AAU%20Files/AAU%20Documents/AAU-BTN-

Economic-Impact.pdf).  Between 2005-2015, the AAU demonstrates significant increases 

in patents, licenses, and total operational start-up. Individual institution summaries also 

include research revenues and disclosures. Other sources of economic impact data include 

the Institute for Research on Innovation and Science – created out of the former federal 

STARMETRICS program. They collect records on their 30 member institutions 

pertaining to scientific investments, federal awards, employee, vendor, and subaward 

transactions (IRIS, 2018) for economic evaluation.  These metrics are the established 

indicators of a university’s contribution to the economy of their local communities, yet 

are not typically included in university rankings or as in evaluations of research 

productivity. 

 Faculty reticence to report disclosures to institutions may negatively impact the 

economic impact of universities, by delaying the translation of discoveries into the IP 

pathway (Hamilton & Schumann, 2016). Research has identified a lack of understanding 



24 
 
 

 

of IP policies by faculty and a mistrust of administration handling of IP as reasons faculty 

do not disclose their discoveries(JerryG Thursby et al., 2001; J. G. Thursby & Thursby, 

2011). Universities have a vested interest and duty to incentive and protect innovative 

research which may positively impact the economic contributions to their local, state, and 

national communities. 

 The ultimate mission of life sciences is to improve public health, but current 

productivity measures ignore this outcome. The value of public health contribution is well 

regarded by the public and science, but appropriate replicable measures are limited to 

public opinion polls and large scale public health successes such as smallpox eradication 

(Larkin & Marks, 2012). A health and budget impact analysis of the pneumococcal 

vaccine focused on the relationship between the cost of the vaccine and the efficacy of the 

vaccine (Jiang et al., 2015). While a clear cost-benefit was defined, repeating this analysis 

for all university research would require a significant effort.  A UK effort developed the 

Public Health Impact score, which evaluated the number of lives saved by 20 quality of 

care indicators (Ashworth et al., 2013). These care indicators included specific clinical 

practice guideline implementations; unless a university could clearly trace the effects of 

their research on a clinical practice guideline or drug development, applying this would 

be difficult. 

 There is a clear preference for reports of health-related impact over economic by 

both researchers and the public (Miller et al., 2013; Pollitt et al., 2016). The public health 

value of research is the focus of NIH and CDC research, and may be described as 

efficacy, reductions in morbidity or mortality, or prevention of disease occurrence. 
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Outcomes indicators may also include the quality of clinical trials and their successful 

completion, scientific contribution to FDA approved drugs or devices, or contribution to 

the development of accepted Clinical Practice Guidelines. 

 The World Health Organization reported a five-fold increase in the number of 

clinical trials conducted between 2004 and 2013 with differing growth rates across 

countries (Viergever & Li, 2015). At a time of rapid growth, the quality of clinical trials is 

a particular concern. Approximately 25% of studies registered in the United States were 

missing important trial information such as trial type, enrollment number or type, 

blinding, randomization allocation and sponsor information (Califf et al., 2012). 

Additionally, factors such as sponsoring agency, size of study based on enrollment and 

trial phase were significantly associated with use of a data monitoring committee (DMC) 

– a proxy for quality oversight (Zarin, Tse, Williams, Califf, & Ide, 2011). Over 80% of 

clinical trials conducted in another country were found to have defective results 

(Woodhead, 2016).  

 Previous research has identified inaccessibility of trial protocols and results as 

indicators of poor quality (Viergever & Li, 2015). Other quality indicators previously 

evaluated include absence of allocation and randomization methodology, insufficient or 

unclear blinding processes, lack of intention to treat analysis, unclear IRB approval, and 

skewed gender enrollments and insufficient analysis by gender groups (S. P. Phillips & 

Hamberg, 2016; Strippoli, Craig, & Schena, 2004). The presence of inadequate sample 

sizes and insufficient protocol descriptions also exist in disparity by clinical specialty, 

according to previous evaluations (A.-W. Chan & Altman, 2005; Meinert, Tonascia, & 
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Higgins, 1984).  Reviews of RCT quality using the Jadad scale or the Cochrane 

assessment of risk have reported that most trials are of low quality and that quality does 

not improve over time (Chung, Kang, Jo, & Lee, 2012; Welk, Afshar, & MacNeily, 

2006).  

E.  Innovative Science in University Research 

 Innovation in research is often defined as hypothesis and ideas that are novel, 

meaningful, and non-obvious. The Diffusion of Innovation Theory was developed as a 

social science theory to explain how new ideas and practices diffuse (or translate) through 

a specific population or society (Rogers 1962, 1971). Ideas that are innovative move 

through categories of adoption: innovators, early adopters, early majority, late majority, 

and finally laggards. Innovative research from a university can be seen to move through 

similar practices when applied to the biomedical sciences. Historical examples include 

Noble Prize winning discoveries such as Helicobacter pylori bacterium as the cause of 

stomach ulcers – the early innovators and adopters resorted to infecting themselves to 

facilitate knowledge exchange and adoption of clinical practice and treatment (Marshall, 

Armstrong, McGechie, & Glancy, 1985). 

  In a university research environment, innovative research leads to new practices. 

This requires the persistence of innovators and early adopters to move the research 

through the translational research continuum. The trustworthiness of universities 

conducting research influences not only scientific credibility but also effective innovation.  

 Innovative discoveries are most often housed in the academic research institution. 

A structured approach to modeling the flow of resources and innovation output is 
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designed based on the RIPE model (See Appendix, Figure 1). A recognition of the need to 

evaluate the value of research and encourage innovation exists within the research 

community. There continues to be a lack of understanding in how the institution itself can 

successfully promote innovative and translatable biomedical research. This proposal 

attempts to define how a successful innovation culture promotes meaningful and 

efficacious research and predictive, changeable variables that improve the translation of 

innovative biomedicine to public health benefit.  

F. Validity 

 1. Conduct a Literature Review. Per the steps outlined by Artino et al, the 

validity of the proposed measures is first found in the literature review described herein 

and throughout the manuscripts (Artino Jr, La Rochelle, Dezee, & Gehlbach, 2014). This 

warrants that the indicators align with previous research and examines currently available 

scales or items which we could then apply. 

2. Synthesize the literature review. The literature review of current university 

evaluation measures is presented in the published manuscript. The literature also 

informed the development of the three hypothesized constructs of beneficial societal 

research: contributions to science, public health, and economics. 

3. Develop items. Based on the literature, nine indicators are proposed across the 

three dimensions of societal contribution (see Unpublished Manuscript 2). These 

indicators were chosen because they were generally accepted representations of the 

domain (eg. Publications and citations for science), were clear, relevant, and easily 

obtainable to ensure reproducibility by institutions. This provides construct validity.  
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4. Conduct Expert Validation. Experts in bibliometrics, epidemiology, and 

population health were consulted on the development of the items and in the construction 

of the research currently under review. Additionally, international and national university 

research administrators were consulted for their input on the items, the literature review, 

and their applicability for university research outcome evaluation. 

5. Conduct Pilot Testing. In both unpublished manuscripts 3 and 4, a pilot testing 

of the proposed indicators was conducted. An in-depth evaluation of clinical trial 

quality across US institutions was conducted based on accepted criteria (ICMEJ and 

CONSORT guidelines), and the results used to divide the institutions into quartiles 

based on clinical trial quality. A latent-profile analysis based on the nine-indicators 

(with the change to clinical trials with results uploaded based on the results of the 

previous study) resulted in three profiles or classes of universities. Concurrent validity 

was assessed by comparing these results- the clinical trial quality quartiles and the 

latent profile analysis categories- to the 2015 Carnegie Classification System’s 

ranking for Doctorate-granting institutions.  

6. Replicability. Finally, to enable replicability of these studies, data files and 

corresponding dictionaries are submitted as a separate appendix with this manuscript. 

G. Summary  

 Academic research productivity and effectiveness often narrowly focuses 

on publications and citations, or, patents alone, rather than the proposed novel, 

multidimensional approach. Research expenditure, how much money an institution 

receives and applies to scientific research, is often considered as an indicator of the 
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strength and quality of an institution’s research capabilities yet has been demonstrated a 

diminishing rate of return (Mongeon et al., 2016). Increasing the total number of a 

research product: publication or patent, may be easily manipulated to increase rankings 

without actually increasing contribution to science (Bloche, 2016; Heinrich & Marschke, 

2010). Without adjustment and more complex measures, singular indicators such as 

publications and patents, remain unresponsive to the true evaluation needs of quality 

innovative research output.  

 This study seeks identify the significant contributors to each of the 3-D categories 

(scientific, economic, and public health impact). Significant input and process variables 

will be evaluated for their contributions to the model system through latent data modeling 

of retrospective university data from 2000-2015. In many statistics, large university 

systems enjoy biased advantages due to their size. This study attempts to offer a viable 

alternative by controlling for size and research funding differences through 

standardization of variables and institution level applicability.  

 The identification of factors which significantly influence successful research 

innovation has implications for institution distribution of resources, funding agencies, and 

emphasizes contributions to society. In their common pursuit of research which benefits 

society through public health, scientific, and economic benefit, stakeholders can apply the 

final significant predictive measures when deciding health policy directions and in the 

development of curriculums for research scientists.  
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Abstract 

Introduction: Concerns about reproducibility and impact of research urge improvement 

initiatives. Current university ranking systems evaluate and compare universities on 

measures of academic and research performance. Although often useful for marketing 

purposes, the value of ranking systems when examining quality and outcomes is unclear. 

The purpose of this study was to evaluate usefulness of ranking systems and identify 

opportunities to support research quality and performance improvement. 

Methods: A systematic review of university ranking systems was conducted to 

investigate research performance and academic quality measures. Eligibility requirements 

included: inclusion of at least 100 doctoral granting institutions, be currently produced on 

an ongoing basis and include both global and US universities, publish rank calculation 

methodology in English and independently calculate ranks. Ranking systems must also 

include some measures of research outcomes. Indicators were abstracted and contrasted 

with basic quality improvement requirements. Exploration of aggregation methods, 

validity of research and academic quality indicators, and suitability for quality 

improvement within ranking systems were also conducted. 

Results: A total of 24 ranking systems were identified and 13 eligible ranking systems 

were evaluated. Six of the 13 rankings are 100% focused on research performance. For 

those reporting weighting, 76% of the total ranks are attributed to research indicators, 

with 24% attributed to academic or teaching quality. Seven systems rely on reputation 

surveys and/or faculty and alumni awards. Rankings influence academic choice yet 
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research performance measures are the most weighted indicators. There are no generally 

accepted academic quality indicators in ranking systems.  

Discussion: No single ranking system provides a comprehensive evaluation of research 

and academic quality. Utilizing a combined approach of the Leiden, Thomson Reuters 

Most Innovative Universities, and the SCImago ranking systems may provide institutions 

with a more effective feedback for research improvement. Rankings which extensively 

rely on subjective reputation and “luxury” indicators, such as award winning faculty or 

alumni who are high ranking executives, are not well suited for academic or 

research performance improvement initiatives.  Future efforts should better explore 

measurement of the university research performance through comprehensive and 

standardized indicators. This paper could serve as a general literature citation when one or 

more of university ranking systems are used in efforts to improve academic prominence 

and research performance. 
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Introduction 

 Considering the significance of university innovation, there is a pressing need for 

outcome studies and quality improvement initiatives in the research enterprise. Keupp et 

al. (Keupp, Palmié, & Gassmann, 2012) point out that current innovation management is 

characterized by conflicting predictions, knowledge gaps and theoretical inconsistencies. 

These issues may negatively impact the translation of academic research into discovery 

and applicable societal benefit. Research quality issues exist within university research; in 

the last 10 years, several studies and commentaries have highlighted the need for 

improvement in transparency, replicability, and meaningful research outcome reporting 

(Begley & Ellis, 2012; Chalmers et al., 2014; J. P. Ioannidis, 2005; J. P. Ioannidis et al., 

2014; Valantine & Collins, 2015).  

 Many university administrators rely on university ranking systems as indicators of 

improvement over time and in comparison to other institutions. Universities promote 

improvement in standings as evidence of progress in the academic and research 

environments when requesting funding from government sources (Aguillo et al., 2010). 

Other universities use ranking systems as evidence of cost-benefit for previously funded 

initiatives and to support additional funding requests. Consumers use university rankings 

to evaluate higher education opportunities both nationally and internationally.   

 Previous reviews of university rankings found that emphasis on reputation and 

institutional resources may not truly represent university quality (Clarke, 2002; Dill & 

Soo, 2005; Moed, 2017; Saisana et al., 2011; Taylor & Braddock, 2007). Reviews of five 

ranking systems by Dill &Soo (Dill & Soo, 2005) focused on the suitability of rankings as 
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representative of academic quality. Their findings demonstrate that ranking system 

indicators are not sufficient for promoting policy decisions or consumer choice. 

Suggested academic quality indicators include student entry criteria, program completion 

rates, proportion of graduates entering employment upon graduation, professional 

training, higher degrees, and the average starting salaries of graduates. Frey and Rost 

(Frey & Rost, 2010) concluded that publications and citations were not suitable indicators 

of scientific institutional worth. Their results suggest that multiple criteria should be 

implemented when assessing institutions for quality or choice for career decision.  

 Moed (2017) most recently evaluated five world ranking systems and concluded 

that while ranking systems have improved in the last decade, the tendency to be one-

dimensional hinders a more comprehensive university evaluation.  

 An evaluation of the Shanghai and Times Higher Education rankings conductd 70 

simulations to replicate rankings; their results indicate that inaccurate weights were used 

to calculate the overall score (Saisana et al., 2011).  The lack of replicability emphasizes 

the need for ongoing research quality evaluation and improvement. Trustworthiness of 

research influences not only scientific credibility but also effective innovation.  

 Assessment of the validity of research and academic quality indicators in 

university rankings is often unexplored; only once in the literature were two ranking 

systems so evaluated (J. P. Ioannidis et al., 2007). Integrating the much cited definitions 

of validity by Carmines and Hammersley, validity is the extent to which a measuring 

instrument accurately represents those features of a phenomena, that it is intended to 

describe(Carmines & Zeller, 1979; Hammersley, 1987).  
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 While academic institutions have a responsibility to ensure that research process 

and outcomes efficiently and prudently manage resources, standardized research 

performance evaluation mechanisms for comparison across institutions do not currently 

exist. Academic institutions and administrators need reliable evaluation indicators of 

research and academic quality and university ranking systems are often used for this 

purpose. The objective of this study is to evaluate the usefulness of ranking systems for 

both academic and research performance and quality improvement, through a systematic 

review of publicly available university ranking systems. 

Methods 

 We conducted a systematic review of university ranking systems utilizing the 

PRISMA protocol and checklist, researched relevant measures to ascertain commonly 

used indicators for evaluating research performance and innovation (Fig 1, S1 Table) 

(Moher, Liberati, Tetzlaff, Altman, & Group, 2009). The review protocol for this study is 

available from the authors. 

Eligibility Criteria 

 Ranking systems which include over 100 doctoral granting universities in their 

sample were eligible. Rankings must be currently produced on an ongoing basis and 

include US and global universities. Ranking systems also needed to publish rank 

calculation methodology in English. Ineligible criteria included rankings which were 

solely based on reputation surveys, did not include research outcome indicators or ranked 

institutions solely by subject area.  
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Searches 

 A search of publicly available ranking systems for universities was undertaken 

between January and March 2017, through the use of internet search and qualitative 

literature review. Search terms included “university ranking”, “research productivity,”  

“measurement,” and “ranking university research.” Ranking system owners and VP of 

Research Administration were also consulted. Our searches were not limited to a certain 

field. Search engines used included PubMed (Search strategy: "university ranking"[All 

Fields]), Web of Science (WOS), and Google Scholar. To reduce selection bias, 

additional internet searches were also broadly conducted with the same search terms to 

identify any additional ranking systems. 

Processing/Abstraction 

 The purpose of the ranking system and methodologies for calculation of ranks 

were pulled from published statements through each ranking system website or publicly 

available documentation on methodology. Terms such as “the objective,” or “purpose of” 

each ranking system are used to identify the stated purpose of the ranking system.  All 

indicators which were stated by the ranking systems to evaluate research and academics 

were abstracted and compared across systems. The aggregation methodology was also 

abstracted and compared from the publicly available methodologies and results.  

Analysis  

 Ranking systems were also evaluated on their utility for institutional quality 

improvement based on transparency of data and data analysis, consistency of indicators 
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used in rankings over time, and availability of institution level data from ranking system – 

made available for others to replicate ranking calculations. 

In this study, validity of ranking was assessed based on the following criteria: (i) content 

(i.e., comprehensiveness by including measures of both IP and publications, reliance on 

empirical data); (ii) consistency (i.e., transparency of indicator calculation; transparency 

of data/availability of raw institutional data; transparency of data aggregation; consistency 

of measures over time; process of ranking replicable); and (iii) resistance to bias (i.e., 

avoidance of self-reported data; does not rely on peer reputation surveys). Transparency 

of data is evaluated on the availability of raw institutional data used for comparison and 

whether the data can be used to analyze trends over time. The transparency of the data 

analysis algorithm is also evaluated as indicator transformations are provided with 

sufficient detail for replication and if the algorithms used for rankings are replicable by 

outside entities. The disclosure of the included percentage for each subscale used by the 

ranking system is included in this item. Subscales refer to the different components or 

indicators included in each ranking system’s overall score, for example, the percent of the 

overall score attributed to publications in high impact journals, total citations, or number 

of PhD graduates. To evaluate the appropriateness of rankings for use in research quality 

improvement action plans, the consistency of indicators over time is roughly assessed 

using a binary rating of present or not present.  Consistency of indicators used over time 

is determined by publication of ranking methodology or indicator changes prior to 

rankings release, the stated frequency of changes, and whether included measures have a 

life cycle of inclusion. Resistance to bias of the ranking systems is assessed by whether or 
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not data are self-reported to ranking systems, and the presence or absence of a stated 

validation process to confirm self-reported data is utilized by the system. Resistance to 

bias is also assessed by degree of reliance on empirical or qualitative survey data 

(majority percent of total score), as reputation surveys are not factors that institutions can 

control or design.  

 For the purposes of this study, the definition of research performance is based on 

standards for the NIH Research Performance Progress Report: publications, conference 

papers, and presentations; website(s) or other Internet site(s); technologies or techniques; 

inventions, patent applications, and/or licenses; other products, such as data or databases, 

physical collections, audio or video products, software, models, educational aids or 

curricula, instruments or equipment, research material, interventions (e.g., clinical or 

educational), or new business creation (NIH, 2017) . This review of university ranking 

systems looked for impact and products along these lines. Correspondingly, research 

performance indicators are interpreted as measures of publications, citations, and/or 

intellectual property.  

 Academic quality is defined as improvement in students' capabilities or knowledge 

as a consequence of their education at a particular college or university (Bennett, 2001). It 

is interpreted as measures pertaining to student progress or acheivement, and teaching 

quality as defined by faculty credintals.  

Results  

 A total of 24 ranking systems were initially identified through searches. Thirteen 

ranking systems which published in 2015 or 2016 were included in the results (Table 1). 
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Excluded ranking systems were either no longer being published, did not include research 

performance indicators, or did not publish ranking methodologies. The range of 

institutions evaluated is between 500 and 5000 institutions. The oldest ranking system is 

the Carnegie Classification, established in 1973. All other ranking systems were first 

published between 2003 and 2015. Three ranking systems are run by universities, two by 

publications or news agencies, five by consulting or independent groups, and one by a 

government established entity. While the US News and World Report ranking of 

American universities was not eligible due to a lack of research performance indicators, 

the US News and World Report Global Ranking is included. 
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Table 1. University Ranking Systems 

Ranking 

System 

(abbreviation) 

Initial 

Year 

Sponsoring 

Organization 

Total # of 

indicators 

Frequency of 

publication 

Participating 

Institutions Version Website 

Academic 

Ranking of 

World 

Universities 

(Shanghai) 

2003 Shanghai 

Ranking 

Consultancy 

6 Annually 500 2016 http://www.sha

nghairanking.c

om/ARWU201

6.html  

Carnegie 

Classification 

(Carnegie) 

1973 Carnegie 

Commission on 

Higher 

Education/ 

Indiana U. 

8 Approximatel

y every five 

years 

4664 2015 http://carnegiec

lassifications.iu

.edu/  

Center for 

World 

University 

Ranking 

(CWUR) 

2012 Center for 

World 

University 

Rankings 

8 Annually 1000 2016 http://cwur.org/  

Leiden Ranking 

(Leiden) 

2011 Leiden 

University, 

Netherlands 

18 Annually 842 2016 http://www.leid

enranking.com/  

QS World 

University 

Ranking 

(QSWorld) 

2013 Quacquarelli 

Symonds 

Limited 

6 Annually 916 2016 https://www.to

puniversities.co

m/university-

rankings  

Round 

University 

Ranking (RUR) 

2010 RUR Ranking 

Agency 

20 Annually 761 2016 http://roundran

king.com/  

SCImago 

Institutions 

Rankings 

World Report 

(SCImago) 

2009 SCImago Lab 12 Annually 5147 2016 http://www.sci

magoir.com/  

The Times 

Higher 

Education 

World 

University 

Rankings 

(Times) 

2004 TES Global Ltd 13 Annually 800 2016 https://www.ti

meshighereduc

ation.com/worl

d-university-

rankings  

Clarivate 

Analytics 

Innovative 

University 

Ranking (CA) 

(formerly 

Thomson 

Reuters) 

2015 Reuters 10 Annually 100 2016 http://www.reu

ters.com/article

/amers-reuters-

ranking-

innovative-

univers-

idUSL2N1C40

6D  

U-Multirank 

(UMR) 

2014 European 

Union and 

Advisory Board 

30 Annually 1200+ 2016 http://www.um

ultirank.org/#!/

home?name=n

http://www.shanghairanking.com/ARWU2016.html
http://www.shanghairanking.com/ARWU2016.html
http://www.shanghairanking.com/ARWU2016.html
http://www.shanghairanking.com/ARWU2016.html
http://carnegieclassifications.iu.edu/
http://carnegieclassifications.iu.edu/
http://carnegieclassifications.iu.edu/
http://cwur.org/
http://www.leidenranking.com/
http://www.leidenranking.com/
https://www.topuniversities.com/university-rankings
https://www.topuniversities.com/university-rankings
https://www.topuniversities.com/university-rankings
https://www.topuniversities.com/university-rankings
http://roundranking.com/
http://roundranking.com/
http://www.scimagoir.com/
http://www.scimagoir.com/
https://www.timeshighereducation.com/world-university-rankings
https://www.timeshighereducation.com/world-university-rankings
https://www.timeshighereducation.com/world-university-rankings
https://www.timeshighereducation.com/world-university-rankings
https://www.timeshighereducation.com/world-university-rankings
http://www.reuters.com/article/amers-reuters-ranking-innovative-univers-idUSL2N1C406D
http://www.reuters.com/article/amers-reuters-ranking-innovative-univers-idUSL2N1C406D
http://www.reuters.com/article/amers-reuters-ranking-innovative-univers-idUSL2N1C406D
http://www.reuters.com/article/amers-reuters-ranking-innovative-univers-idUSL2N1C406D
http://www.reuters.com/article/amers-reuters-ranking-innovative-univers-idUSL2N1C406D
http://www.reuters.com/article/amers-reuters-ranking-innovative-univers-idUSL2N1C406D
http://www.reuters.com/article/amers-reuters-ranking-innovative-univers-idUSL2N1C406D
http://www.reuters.com/article/amers-reuters-ranking-innovative-univers-idUSL2N1C406D
http://www.umultirank.org/#!/home?name=null&trackType=home
http://www.umultirank.org/#!/home?name=null&trackType=home
http://www.umultirank.org/#!/home?name=null&trackType=home
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 The purpose of most ranking systems is to identify top institutions for consumers, 

to classify institutions by their research activity, and to compare institutions within 

countries and across the globe (Table 2). Some ranking systems state that they do not 

intend for the information to be used to compare institution to institution, but to provide a 

general interpretation of each institution’s annual performance. 

 Four ranking systems specifically state that their results are intended to evaluate 

research quality. The Shanghai and UMR highlight their use in government cost benefit 

analysis; RUR, Shanghai, UMR, and Times state that their ranking systems may have use 

in supporting government funding requests. 

  

ull&trackType

=home  

US News and 

World Report – 

Global Ranking 

(USN&W) 

2014 US News and 

World Report 

12 Annually 1250 2016 https://www.us

news.com/educ

ation/best-

global-

universities/ran

kings  

University 

Ranking by 

Academic 

Performance 

(URAP) 

2010 Middle East 

Technical 

University 

6 Annually 2000 2016 http://www.ura

pcenter.org/201

6/  

Webometrics 

(Web) 
2004 

Cybermetrics 

Lab, Spanish 

National 

Research 

Council 

4 

Biennial 11,995 2016 http://www.we

bometrics.info/

en  

http://www.umultirank.org/#!/home?name=null&trackType=home
http://www.umultirank.org/#!/home?name=null&trackType=home
https://www.usnews.com/education/best-global-universities/rankings
https://www.usnews.com/education/best-global-universities/rankings
https://www.usnews.com/education/best-global-universities/rankings
https://www.usnews.com/education/best-global-universities/rankings
https://www.usnews.com/education/best-global-universities/rankings
https://www.usnews.com/education/best-global-universities/rankings
http://www.urapcenter.org/2016/
http://www.urapcenter.org/2016/
http://www.urapcenter.org/2016/
http://www.webometrics.info/en
http://www.webometrics.info/en
http://www.webometrics.info/en
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Table 2. Stated Purpose and Use of Ranking System 

Purpose Ranking System 

Research Performance  CWUR, Leiden, SCIMago, Times, 

RUR, Shanghai, URAP, UMR, 

Webometrics 

Research Quality Times, CA, UMR, URAP 

Research Innovation and Economic 

Impact 

CA 

University Comparison CWUR, QS World, RUR, Shanghai, 

Times, UMR, USN&WR 

University Marketing QS World, RUR, Shanghai, 

USN&WR 

Assist students in choosing an 

academic institution 

QS World  RUR, Times, UMR, 

USN&WR  

Government funding or assessment RUR, Shanghai, Times, UMR  

Academic/Teaching Quality RUR 

Web Performance improvement Web 

 

 The Carnegie Classification specifically states that their rankings are not intended 

to evaluate research performance. The Carnegie Classification System relies on R&D 

expenditure data in both STEM and non-STEM fields from the NSF Survey of Research 

and Development Expenditures at Universities and Colleges. Total staff working in 

science and engineering research are included from the NSF Survey of Graduate Students 

and Post-doctorates in Science and Engineering. No measures of research performance 

are assessed. The UMR system also provides indicators of quality, but leaves the 

definition of quality up to user preferences, by allowing a choice of indicators to be 

selected. 

 Tables 3 and 4 list the indicators utilized by the ranking systems to evaluate 

research performance or quality. Nine systems used total publications as an indicator – 
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this is typically defined by the number of peer-reviewed articles that are included in either 

the Thomson Reuters Web of Science Core Collections database, or SCOPUS, produced 

by Elsevier. On average, 33.8% of ranking scores are assigned to publications and 

citations or various versions of these metrics. In most analyses, this is not dependent on 

first author affiliation, meaning that articles could be counted more than once across 

different institutions in collaborative works. Peer evaluation of both academic and 

research reputation and cumulative faculty awards contribute on average 39.8% of total 

ranking score among those who report weighting.  
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Metric Data Sources 

Carneg

ie 

CWU

R 

Leid

en 

QSWor

ld RUR 

SCIMa

go 

Shangh

ai 

Time

s 

C

A UMR URAP 

USN&W

R 

We

b 
Number scientific 

documents  (non-articles) 

WOS, Self-

Reported 
                  X 10% 5% 

 

Number of Publications  WOS, SCOPUS, 

SCI, InCites, Self-

Reported 

  5% X     8% 20% 6% 

11.

10

% 

X 21% 10% 

 

Number of Citations (may 

be normalized) 

WOS, SCOPUS 

  5% X 20% 8% 13% 20% 30% 

11.

10

% 

X 21% 7.50% 

 

Number of Articles as 

Corresponding Author 

WOS 
          5%             

 

Number of Articles in 

Nature or Science, or top 

25% of journals 

 

  5%       2% 20%           

 

Number of Articles with 

External Collaboration 

WOS 
    X                   

 

Number of Articles with 

International Collaboration 

Scopus 
    X   4% 2%   2.50%   x  15% 10% 

 

Number of Articles with 

Industry Collaboration 

WOS 

                

11.

10

% 

X     

 

Number/Percent of Articles 

within the top most 

cited/field 

SCIMago Journal 

Rank indicator, 

WOS 

    x      2%       X 15% 32.50% 30% 

Number of Articles within 

the most cited as main 

contributor 

SCImago Journal 

Rank indicator, 

WOS 

          13%             

 

Number of different 

authors from an institution 

SCOPUS 
          5%             

 

Ratio of citations per 

publication 

InCites, WOS 
                    18% 10% 

 

Number of citations from 

top 10 producers at 

institution 

Google Scholar 

            

10% 

Interdisciplinary of 

publications 

 
                  X     

 

Ratio of Citations and 

Papers  per staff 

 
        16%               

 

Industry Article Citation WOS 

                

11.

10

% 
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 Table 3. Research Indicators by Publication and Citation metrics (percent of contribution to total score, not all percentages may sum to 100, due to rounding.) 

  

H index of institution  WOS   5%                      
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Table 4. Research Indicators by Intellectual Property (percent of contribution to total score) 

Metric Data Sources 
Carnegi

e 

CWU

R 

Leide

n 

QSWor

ld 
RUR 

SCIMa

go 

Shangh

ai 
Times CA UMR URAP 

USN&

WR 
Web 

Patents Filed US PTO, WPO, 

DerWent World 

Patents Index, 

Derwent Innovations 

Index 

  5%             11.10% X     

 

Patents Awarded Derwent World 

Patents Index, 

Derwent Innovations 

Index, WPO 

                11.10%       

 

Patents filed 

globally 

Derwent World 

Patents Index, 

Derwent Innovations 

Index 

                11.10% X     

 

Number of 

Publications cited in 

Patents applications 

PATSTAT, Patents 

Citation Index           30%     11.10% X     

 

Co-Patents with 

Industry 

PATSTAT 
                  X     

 

Start-Ups Initiated Self-Report                   X      

R&D Expenditures NSF, Self-Report X             6%   X      

R&D from Industry Self-Report               2.50%   X      

Papers per research 

income 
Self-reported         2%               

 

Research/Institution

al income per staff 

and students 

Self-reported         6%               

 

Science and 

Engineering (S&E) 

Staff 

NSF X                       

 

Ratio of R&D to 

Institutional Income 
Self-Reported         2%               

 

Non S&E R&D 

Staff  
NSF X                       

 

Reputation Survey  
Independent Survey, 

Clarivate Analytics 
        8%     18%       25% 

 

Total Faculty National Education 

Ministries, Self-report 
X                 X     

 

Awards by 

Faculty/Alumni 

Nobel Prize, Fields 

Medal, others 
  50%         30%   11.10%       

 



47 
 
 

 

Summary Indicators 

by Faculty 

Ratio of weighted 

summary score by 

FTE of academic staff 

    

 

 10%      

 

Total % focused on 

Research 

 
-- 75% 100% 20% 46% 80% 100% 65% 100% --  100% 100% 40% 
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 Ranking systems which rely heavily on publication and citation metrics include the Leiden 

Ranking, Shanghai, SCImago, URAP, US News and World Report and the EU U-Multirank 

systems. The Leiden Ranking provides size-dependent and size-independent variants of all 

indicators, except publication output. Citation indicators are also normalized for scientific field 

differences. The counting method is conducted using a full counting and a fractional counting 

method- wherein collaborative publications are given less weight than non-collaborative ones 

(Leiden indicators description, page 4). An algorithm is applied to calculate field-normalized impact 

indicators, described by Waltman and Van Eck (2012).  In the Shanghai ranking system, publications 

in Nature/Science and Nobel or Fields Awards comprise 50% of the score – indicating a reliance on 

highly selective indicators. Rankings are created by scoring the highest institution as 100, and the 

rest as a percentage of 100. URAP rankings are entirely based on publication and citation metrics. 

Scores are normalized according to field of study. CWUR rankings are the only ranking system that 

incorporates the h-index developed by Hirsch (Hirsch, 2005) to indicate the broad impact of a 

university’s research based on performance and citation impact.  The h-index of an institution equals 

x if the institution has published x papers that have each been cited at least x times. For all but two 

ranking systems, Leiden and Carnegie, data used in the calculations are not made available making 

replicability of the rankings impossible. Leiden and Carnegie both provide downloadable 

spreadsheets of the ranking indicator data. 

 The percent of scores attributed to intellectual property (IP) measures, such as patents, was only 

3.5% across all systems. Four systems incorporated at least one of these indicators – CWUR, 

SCImago, CA, and UMR. The Clarivate Analytics Most Innovative Universities is the only ranking 

system heavily focused on intellectual property indicators and includes indicators based on 
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independent empirical data. A patent success ratio is calculated from patent awards per applications. 

Raw data is not available for validation and replication. The UMR, CWUR include patent 

applications. The one indicator of IP performance in SCImago is based on citation metrics 

(publications cited in patent applications) and heavily weights this in the summary score at 30%. 

 Academic quality indicators are presented in Table 5.  Six systems incorporate academic quality 

by various indicators. The most common is a peer to peer survey, used by QS World, Times, US 

News and World Report, UMR, and RUR. Student/Faculty ratio is employed by each of these 

systems, excluding the US News and World Report. Carnegie, Times, and the UMR also use total 

doctoral degrees conferred when evaluating academic quality. Diversity of faculty and students are 

also used by QS World, Times, UMR and RUR as indicators of academic quality. CWUR attributes 

25% of their ranking score to the number of alumni who are CEOs on the Forbes 100 list as the only 

measure of academic quality. 
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Table 5. Academic Quality Indicators Table  

Academic  Carne

gie 

CWU

R 

Leid

en 

QSWorl

d 
RUR 

SCIMa

go 

Shang

hai 
CA 

Tim

es 

UM

R 

UR

AP 

USN

&WR 

We

b 
Reputation Survey – 

Academic Quality 

Independent 

Surveys, Student 

Survey 

      40% 8%       15% X   X 

 

Institutional Income Not specified 
   

  
   

2.25

% 

 
 

  

Student/Faculty 

Ratio 

Not specified, self-

reported 
   

20% 8% 
   4.5% 

X 
 

  

Reputation Survey – 

Employer 

Independent 6urvey    10%          

Doctoral Degrees 

Conferred 

IPEDS, Self-

reported 
X   

  
   

2.25

% 

X 
 

  

Doctoral Degree per 

admitted PhD 

candidate 

Self-Reported 

   

 8% 

    

 

 

  

Doctoral Degree per 

Staff 

Self-Reported 
   

 8% 
    

 
 

  

Faculty with 

Doctorates 

Self-Reported  
  

  
   6% 

X 
 

  

International Student 

Ratio 

Self-Reported  
  

5% 2% 
   2.5% 

X 
 

  

International Faculty 

Ratio 

Self-Reported  
  

5% 2% 
   2.5% 

X 
 

  

International 

students enrolled in 

Bachelor’s degree 

Self-Report  

  

 2% 

    

 

 

  

Number of Alumni 

who are CEOs on 

Forbes 100 

Forbes Top 100 

Companies 

 

25%  

  

    

 

 

  

Web presence Google      5%       10% 

Web domain inbound 

links 

Google  
  

  
15%    

 
 

 50% 

Staff per Bachelor’s 

Degree 

Clarivate Analytics  
  

 8% 
    

 
 

  

Doctoral degree per 

bachelor degree 

awarded 

Clarivate Analytics  

  

 8% 

    

 

 

  

Total % Focused on 

Academics or 

Teaching Quality 

 -- 25% 0% 80% 54% 20% 0% 0% 35% --  0% 0% 60% 
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 The SCImago rank web presence by Google metrics makes up 20% of the total 

score. Similarly, Webometrics includes all global universities that have a web presence. The 

goal is to encourage universities and staff to increase their visibility through the number of 

webpages and external networks originating at institution websites. Citations and 

publications make up 40% of the score, based on the production of the most cited faculty. 

Five ranking systems include reputation surveys as a significant component of the ranking 

calculation. The QS World ranking attributes 50% of the institution score to academic and 

employer reputation surveys.  Research and academic reputation surveys contribute 33% of 

the Times ranking system. 

 An audit by PricewaterhouseCooper was completed for this methodology, yet there is no 

independent validation of self-report data or explanation of the weighting of the indicator 

percentages. Raw data is not provided for independent replication or validation. USN&WR 

Global Rankings incorporates surveys of global and regional research reputation (25% of the 

total score), the results of which are not publicly available. Round University Ranking, based 

out of Moscow, Russia, uses surveys for 16% of the overall score. 

 Standardization and aggregation methods are employed in various iterations by the 

ranking systems (Table 6). Efforts are made by all evaluated systems to normalize indicators 

by calculating ratios according to faculty numbers or research expenditures. Others 

normalized citations by field of study to lessen advantage of highly cited disciplines. Z 

scores, fractional counting, and weighted subscales are also used to standardize the ranking 

scores.  
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Table 6. Standardization and aggregation of indicators 

Method of Aggregation Explanation Ranking System 

Weighted per capita  Data is standardized by ratio of total 

faculty or is weighted by discipline 

Carnegie, QS World, RUR, 

SCIMago, Shanghai, Times, UMR 

Scores are normalized to 

produce rankings 

Scores are normalized to rank between 0 

and 100 

Carnegie, CWUR, QS World, RUR, 

SCIMago, Shanghai, CA, USN&WR, 

Web 

Raw data normalized by 

year and discipline 

Raw data is normalized by percentages 

according to field of study or year of 

publication  

Leiden, Times, UMR, URAP, 

USN&WR, Web,  

Cumulative Probability 

Function using Z-scores 

Subscales are normalized using Z-scores CWUR, ,Times, UN&WR 

Cumulative scores are 

percentages of subscales 

Subscales are assigned percentages when 

calculating the total scale 

CWUR, QS World, RUR,  SCImago, 

Shanghai, CA, Times, URAP, Web 

Fractional counting 

method 

Collaborative data is weighted by ratio of 

total authors’ participating institutions  

Leiden, Shanghai 

Rank Groups Classification into groups based on the 

distance of the indicator score from the 

median or group mean 

Carnegie, UMR 

 

 The suitability of ranking systems for use in research performance improvement is 

reported in Table 7. It provides a rough binary assessment of the various ranking systems on 

the different dimensions. All ranking systems refine their analysis prior to each publication. 

No ranking systems report any specific measures or analysis of their indicator validity.  

Leiden provides a stability interval to support the individual indicator. 

One research institution was compared across all ranking systems in Table 8, to demonstrate 

the variability of ranking systems.  
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Table 7. Suitability of Ranking for Research Performance Improvement 

 

 

 Carnegie CWUR Leiden QSWorld RUR SCIMago Shanghai Times CA UMR URAP 
USN&W

R 
Web 

Comprehensive 

(includes measures of 

both IP and 

publications) 

- - - - - X - - X X - - - 

Reliability Measures - - - - - - - - - - - - - 

Transparency of 

Indicator Calculation 

Methodology 

X X X - X - - X X - X - - 

Transparency of 

Data/Availability of 

raw institutional data 

X - X - - - - - - - - - - 

Transparency of Data 

Aggregation 
 - X - X X - - X - X - - 

Consistency of 

Measures Over Time 
- - X - X - X - - X - - - 

Process of Ranking 

Replicable 
X X X - - - X - X -  - - 

Avoidance of Self-

Reported Data 
X - X X  X X  X - X X X 

Reliance on Empirical 

data 
X X X - - X - - X X X - X 

Does not rely on Peer 

Reputation Surveys 
X X X - - X X - X - X - X 
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Table 8. Conflicting global rankings of an illustrative research university (per most 

recent published results, 2016) 

Ranking System  
Actual Rank 

Relative Rank 

(% of total) 

Carnegie Classification 
Highest Research 

Activity 
n/a 

Center for World University 

Ranking 
50 5.2 

Leiden Ranking* n/a n/a 

QS World University Ranking 71 7.7 

Round University Ranking 66 8.6 

SCImago Institutions 

Rankings World Report 
60 2.1 

Academic Ranking of World 

Universities/Shanghai 
93 18.6 

The Times Higher Education 

Supplement 
52 4.9 

Thomson Reuters Innovative 

University Ranking 
24 24.0 

University Ranking by 

Academic Performance 
125 6.2 

U-Multirank* n/a n/a 

US News and World Report – 

Global Ranking 
66 6.6 

Webometrics 40 0.03 

* There is no overall rank.  

Discussion 

 Administrators, funders, and consumers should look for rankings which are consistent 

over time, cover multiple areas of measurement and are less reliant on peer reputation. Based 

on our results, reputation surveys, self-reported and unvalidated data, and non-replicable 

analyses create an impractical foundation for research improvement assessment, and can lead 

to a wide range of institutional ranks. When rankings are used to as support for budget 

requests, or as evidence of return on investment, indicators which provide a balanced 

approach have the best opportunity to be truly reflective. 

 When used in tandem, several ranking systems may have more reasonable 

comprehensiveness and validity. Use of the Leiden Ranking System, the Clarivate Analytics 
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Innovation Ranking System, and SCImago process for systematic evaluation and comparison 

may be a promising approach for research administrators. The U-Multirank is the broadest of 

the systems examined, but without the ability to compare a university’s performance over 

time rather than in overall categories, trend analysis becomes difficult. 

 We found that current ranking systems rarely incorporate the promotion of innovation 

culture through patents or intellectual property disclosures. Increasing the research product: 

publication/patent, may be easily manipulated to increase rankings without actually 

increasing contribution to science (Bloche, 2016; Heinrich & Marschke, 2010).  

 In our sample, eight of the thirteen systems include indicators to measure academic 

quality.  These are mainly focused on peer reputation, faculty achievement, student to faculty 

ratios, and the total number of awarded doctorates in both STEM and non-STEM fields. 

Valid measures of academic quality are not universally standardized (Dill & Soo, 2005). 

Many ranking systems are marketed either for academic choice/comparison, yet, these 

indicators do not sufficiently reflect the teaching and learning environments of students.  

 Research expenditure is often used an indicator of the strength and quality of an 

institution’s research capabilities.  However, no correlation has been found between more 

research expenditure and better quality research. A Canadian evaluation found a diminishing 

rate of return between the two factors, and in the US, NIH funding was significantly 

correlated with increased publications, but not with development of novel therapeutics 

(Bowen & Casadevall, 2015; Mongeon et al., 2016).  

 University rankings tend to focus on bibliometric sources which are biased towards 

English language journals and are therefore not comprehensive or fully accurate. Peer 
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reputation surveys are not published, nor is the data made available, and bias towards larger 

more well-known institutions may be inevitable. In addition, measures such as the number 

of Nobel Prize winners could be considered “luxury” indicators, accessible to elite 

universities but are out of reach and un-motivating for most other universities.  

 In this review, we explore the validity and suitability of ranking systems for research 

performance improvement. Clearly, there is a need for improvement in ranking 

methodologies. Applying organizational management principles may improve the validity 

and reliability of university ranking systems and assist with appropriate indicator choices.  

 We propose that the ideal ranking systems limits the significance of peer reputation to no 

more than 10%, and meets the Comprehensiveness, Transparency and Replicability criteria 

described in Table 5. Current approaches rely on easily accessible output data sources; 

reliance on these measures perpetuates the perspective that a few approaches adequately 

represent scientific value, quality improvement and innovation performance. While we 

believe this represents a comprehensive analysis of appropriate ranking systems, other 

institutions may rely on different systems. Consultation with ranking system developers 

and research administrators has provided support for the included list. 

Conclusions 

 There is a need for a credible quality improvement movement in research that develops 

new measures, and is useful for institutions to evaluate and improve performance and societal 

value. Quality over quantity should be emphasized to affirm research performance 

improvement initiatives and outcomes, which benefit society through scientific discovery, 

economic outcomes, and public health impact. Current indicators are inadequate to 
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accurately evaluate research outcomes and should be supplemented and expanded to meet 

standardized criteria.  We suggest that future research evaluate three dimensions of research 

outcomes: scientific impact, economic outcomes, and public health impact for evaluating 

research performance within an academic institutional environment. 
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III. UNPUBLISHED RESEARCH 

This first manuscript was developed in collaboration with bibliometricians from Leiden 

University, who are experts in university ranking by publication and citation metrics. We 

propose nine indicators across the three dimensions of societal benefit: contributions to science, 

public health, and economics. 

1. Balanced multidimensional system for the valuation of scientific outcome 

Authors: Marlo Vernon1, Andrew Balas1, Ludo Waltman2, Alfredo Yegros2 

Affiliations: 1Augusta University, Augusta, GA; 2Leiden University, Netherlands 

 

Summary: 

Measurement of research output has immense theoretical, practical and policy significance. 

Traditional measurement practices may not meet the needs due to limited scope and construct 

validity. Recent emphasis focuses on the need to develop quantitative metrics to evaluate 

outcomes that adequately represent the expectations of diverse stakeholders benefiting from 

research. We propose a framework of seven standards for measurement indicators: that they be 

outcome-oriented, transparent, benchmarked, standardized, consistent, motivational, and have a 

limited shelf-life. Indicators that meet these standards can support outcome assessments in an 

expanded, three-dimensional space: contributions to science, health and wellness improvement, 

and economic development. The concept of balanced multidimensional assessment is illustrated 

by nine indicators, their national average and top 10% of in a group of 128 US research 
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universities. We discuss implications of a multidimensional and more practically minded 

measurement strategy for research improvement initiatives and public trust in science. 

Main Text:  

Making evident the quality and value of research has immense significance. The need to 

increase value and reduce waste when research priorities are set has never been clearer. 

Stemming from the IOM call for translational research evaluation, quantitative metrics to 

evaluate research outcomes are growing in importance in life sciences and beyond.(Leshner et 

al., 2013) Progress needs a new generation of meaningful indicators. 

In recent years, efforts led by Ian Chalmers and others immensely enlarged the field of 

view in assessing scientific value and productivity.(Chalmers et al., 2014) Newer studies have 

explored how various stakeholder groups value research outcomes and impact.(Pollitt et al., 

2016) At present, researchers are increasingly urged to demonstrate the societal benefits and 

potential practical implications of their studies (e.g., statements of broader impact in NSF and 

public health impact in NIH proposals). High-level research administrators, university ranking 

systems and national project coordinating-centers are all responsible for promoting and 

improving quality scientific work. 

The prevailing approach to quantify success in research outcomes tends to use readily 

accessible data sources, like the number of citations, publications in high impact journals, and 

overall research expenditure. Faculty awards, promotion and tenure policies and university 

scientific reputations also often rely on these limited metrics of scholarly creativity. An extensive 

dependence on “bean counting” indicators is repeatedly blamed for the current crisis of non-
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reproducible research in a hypercompetitive “publish or perish” environment.(Alberts, Kirschner, 

Tilghman, & Varmus, 2014; F. S. Collins & Tabak, 2014) 

Value to society and the actual progress of science cannot be fully captured by any of the 

traditional indicators. For example, there are 33,496 human subject studies on low back pain 

indexed in the PubMed database (accessed 5/10/2018); within these results, 3,498 are human 

subject, randomized clinical trials; and within ClinicalTrials.gov there are 1227 registered trials 

for low back pain. In spite of this vast amount of research, the treatment of low back pain is far 

from being resolved and many desirable outcomes are still missing.  

Diversity of societal expectations. Scientific research is known for leading to peer-

reviewed, replicable and generalizable knowledge. According to numerous surveys and major 

public statements, the following directions of diverse expectations from sciences can be 

recognized: 

i. Scientists place a high value on "pure advancement of knowledge,” “satisfaction of 

curiosity,” and “satisfaction from solving puzzling problems.”(Sorrentino et al., 2016) 

They recognize and value societal health benefits of research, but are not necessarily 

motivated by them. Scientists find questions about the practical outcome potential of their 

research, unnecessary.(Ballabeni, Boggio, & Hemenway, 2014).  

ii. The general public expects that scientists will improve health through better practices, 

products, and services (Pollitt et al., 2016). They place greater value on health outcomes 

than researchers, and believe that science is trustworthy and beneficial.(Miller et al., 

2013) (Resnik, 2011)The mission/goal statements of the National Academy of Medicine 
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and NIH highlight societal health improvement, lengthening life, and reducing illness and 

disability. 

iii. Policy-makers highly value economic return on government funding for research, through 

the development of new technologies and job creation(Association of American 

Universities, 2013), strengthened economy, increased return on investment(21st Century 

Act of 2016), increasing economic competitiveness (American Innovation Act of 2017) 

and reductions in the high cost of illness. 

Based on the diversity of stakeholders and expectations, it is not possible to compress the 

value of science and research into a single metric. Consequently, society and the scientific 

community need a variety of indicators to portray the diverse impact of research innovation and 

the translation of discoveries to practice.(Bornmann, 2013)  

Multidimensional outcome indicators. To reflect societal expectations, the three 

dimensions we propose: scientific/intellectual contribution, wellness and health improvement, 

and economic development; are of central importance. They are relevant not just to the natural 

and life sciences but to all research within comprehensive research institutions or universities. To 

generate more actionable and earlier feedback on research performance, shorter-term effects 

need to be evaluated to show initial progress towards broader, future societal benefits.  

Building on earlier recommendations for measurement,(Balas & Elkin, 2013) the 

multidimensional framework of standardized indicators should fit the following requirements:  

1) Outcome-oriented by reflecting broad societal impact in a robust and balanced 

framework of assessment.  
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2) Transparent regarding both the method used to calculate the indicator and the data 

underlying the indicator (i.e. preferably users can fully explore the underlying data). 

3) Benchmarked by, for example, making available institutional, national or international 

averages for performance comparison. 

4) Standardized with respect to university size. The great variability of university size 

alone can make quality and productivity comparisons impossible. Therefore, size-

independent indicators are needed (e.g., using the number of researchers/faculty 

members or research expenditures). 

5) Consistent regarding both measurements across a large number of institutions and 

measurements over time. This requirement ensures that valid comparisons can be made 

not only between institutions but also from year to year. 

6) Motivational means that users not only understand the message easily but also feel 

motivated to achieve improvement (i.e., overly complex indicators should be avoided). 

7) Limited shelf life of the indicator to prevent gaming the system.(Hicks et al., 2015) 

Otherwise, institutions can find ways to influence assessment without making actual 

improvements.  

A comprehensive three-dimensional indicator framework. To illustrate the 

measurement of the three-dimensional value of science, a balanced set of nine research indicators 

was developed (Table 9). Indicators are averaged between 2011- 2015 and standardized for 100 

faculty to facilitate institutional comparisons. Statistics at the level of individual universities and 

a detailed methodological explanation are available as supplementary material. 
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Table 9. Illustrative indicators of the three dimensional value of scientific research (annual 

average (2011-2015) per 100 faculty) 

Dimension Indicator Description Source Average ± SE Top 10% 

Scientific Publications 
Average peer-reviewed 

publications 
WoS 129.0 ± 12.4 213.7 

 Citations 

Average publications in 

the top 10% from W0S 

Core Collection 

WoS 24.3 ± 3.2  43.2 

 

Competitive 

research grants 

received 

Average federal 

research expenditures 

received per 

NSF Higher 

Education 

Research and 

Development 

Survey (HERD) 

$190,101 ± 

$30,489 
$299,484 

Public health 
Completed 

clinical trials 

Average completed 

clinical trials completed 

between 1/1/2011 - 

12/31/2015 

Clinicaltrials.gov 0.19 ± 0.04 0.4 

 

Contributions to 

FDA approved 

products 

Average patents 

associated with 

institution and FDA 

device or drug approval 

FDA Orange 

Book, 

PATSTAT, WoS 

0.01 ± 0.002 0.036 

 

Contributions to 

clinical practice 

guidelines (CPG) 

Average publications 

cited within a CPG 

published in 2014  

AHRQ Clinical 

Practice 

Guidelines 

Clearinghouse, 

PubMed, WoS 

0.20 ± 0.03 0.6 

Economic 

Joint 

publications with 

industry 

Average publications 

jointly published with 

industry collaborators 

WoS 7.9 ± 0.9 14.9 

 Startups 

Average number of 

start-up companies 

founded by institution 

AUTM ATUM 

Annual 

Licensing 

Survey 2011-

2015 

0.21 ± 0.03 0.4 

 
Gross Licensing 

Income 

Average Gross income 

received from licensing 

of protected IP 

ATUM Annual 

Licensing 

Survey 2011-

2015 

$604,067 ± 

$158,814 
$1,281,818 

 

Achieving the full societal impact of scientific discoveries typically takes a very long 

time, often decades and in some cases centuries. For example, Einstein’s theoretical work needed 

nearly half a century to show its wide-ranging and profound economic impact. On the other 

hand, waiting for anything more than a decade would make the measurement of research 

performance useless for improvement due to the many radical changes of science and societal 

progress. To generate more actionable and earlier feedback on research performance, shorter-
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term effects need to be evaluated to show initial progress towards wider societal benefits down 

the road. Fortunately, there are many opportunities for directional measures of early changes that 

can forecast the substantial impact of scientific discoveries. 

In moving forward, a growing variety of multidimensional outcome indicators are 

needed, enabling evolving measurements to compensate for limitations. The presented set of 

indicators is just one possible framework of assessment. The temptation to construct composite 

indicators of the ‘overall performance’ of institutions should be resisted to avoid unclear and 

potentially misleading messaging. Further expansion to other dimensions and data sources (e.g., 

cultural/societal impact) will also increase transparency in existing indicators (e.g., the full text 

of scientific publications, clinical trials data, etc.). 

In this proposal, wellness and public health impact are considered without a limitation to 

life sciences relevance. The history of many Nobel Prize-winning discoveries in physics and 

chemistry provides abundant illustrations of how major findings have short-term and long-term 

relevance to health care and effects. 

It appears to be timely and appropriate to rethink the opportunities for quality and 

performance improvement in the research enterprise. Considering the large ratio of non-

reproducible research, inconsequential publications and also the increasing societal pressure to 

demonstrate value, a broader and more practical measurement strategy, such as the balanced 

multidimensional system proposed here, can be expected to better support improvement and 

attract public trust in research. 
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This manuscript further develops the clinical trials indicator previously proposed as a measure 

for contributions to public health. The quality of research is tantamount to the value in the 

translation of the results – high quality research benefits the public expediently and significantly, 

while low quality research is in turn, detrimental. Since much of current clinical practice finds its 

basis in the results of intervention and observational studies registered on clinicatrials.gov, this 

manuscript seeks to evaluate the quality of clinical trials conducted at universities and explore 

how clinical trial quality can be used as indicators of research translation and university 

contributions to health. 

2.  Institutional quality variations in conducting clinical trials 

 Authors: Marlo Vernon, MPH, Andrew Balas, MD, PhD Frances Yang, PhD 

Affiliations: Augusta University, Augusta, GA 
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Abstract  

Background: The quality of clinical trials is known to be variable but the role of institutional 

determinants is less understood. The purpose of this study is to assess institutional variations in 

the quality of clinical trials and explore opportunities for improvement. 

Methods: This study merged data about institutional research and clinical trials at 167 research 

universities in the United States between 2001 and 2016 (clinicaltrials.gov; IPEDS; and NSF 

HERDS). Based on the CONSORT criteria, twelve clinical trial quality indicators were defined 

for two quality constructs: planning (based on reporting) and execution (conflicts with distorted 

gender enrollment, low retention rate, failure to recruit, gender illogicalities, 

withdrawn/terminated status without a medical or safety explanation, and no results uploaded). 

The ratio of identified to possible deficiencies was calculated; higher scores indicate better 

overall quality. Institutional determinants examined were faculty size, research expenditure, and 

sponsorship of trials.  

Results: There were 16,787 eligible trials, with an average of 116 registered trials per institution. 

Out of a total of 100 points, composite quality score ranged from 75 to 86 points, with a mean 

(+SD) of 83 ± 2 points. Over time, significant improvement was observed for all planning but 

not all execution indicators. No planning deficiencies were found for 5,149 (72%) trials; in 

contrast, only 376 (5%) trials were conducted without execution deficiencies. For institutions 

(n=73) with at least 20 completed intervention trials (n=7774), increases in faculty per trial and 

the proportion funded by both industry and NIH, significantly predicted better execution score 

(adjusted R2 = 68%, p<.001). Rank correlations between trial quality and 2015 Carnegie 

Classification indicate positive significant associations with better quality scores. 
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Conclusions: Clinical trial quality is influenced by the culture of research universities. 

Particularly, execution quality lags behind expectations. Correspondingly, institutional efforts are 

need to improve quality performance, both to better protect human subject participation from 

unnecessary harm and to reduce wasted research resources. 
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Introduction:  

The World Health Organization reported a five-fold increase in the number of clinical 

trials conducted between 2004 and 2013, with differing growth rates across countries.1 The total 

number of clinical trials registered in Japan rose 474% between 2007-2012; in the United States, 

there was a 112% increase in registrations in the same time period (Viergever & Li, 2015).  This 

rapid pace of growth may raise concerns that the quality of the studies are compromised due to 

the quantity of resources available, minimized oversight, rapid pace of discovery, and pressures 

of publication. 

This may represent a real challenge. When patients become trial participants there is an 

implied promise of high quality research leading to important scientific result (Chung et al., 

2012). Trials of low quality and those with unpublished results reduce validity and waste 

institutional resources (Chalmers & Glasziou, 2009; A. Chan et al., 2014). Such trials essentially 

defeat the principles of human subject protection: participants’ time and consent are wasted, 

reducing beneficence and possible putting participants at risk. Non-replicable studies introduce 

bias into the scientific process and invalidate practice guideline development (Guyatt et al., 

2008; Shen & Li, 2017).  

Unfortunately, the existing data on the quality of clinical trials shows that further 

improvements are necessary for the integrity of the results that are produced and the protection 

of human subjects. Based on the literature, approximately 25% of studies registered in the United 

States between 2007-2010 were missing important characteristics such as study type, actual or 

planned enrollment number, blinding, randomization allocation, and sponsor information (Califf 

et al., 2012). Additionally, factors such as sponsoring agency, size of study based on enrollment 
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and trial phase were significantly associated with use of a data monitoring committee (DMC) – a 

proxy for quality oversight (Zarin et al., 2011). Over 80% of clinical trials conducted in another 

country were found to have deficient results (Woodhead, 2016).  

Previous research has identified several lapses in clinical trial quality. These include 

inaccessibility of trial protocols and results, absence of allocation and randomization 

methodology, insufficient or unclear blinding processes, lack of intention to treat analysis, 

unclear IRB approval, and skewed gender enrollments and insufficient analysis by gender groups 

(S. P. Phillips & Hamberg, 2016; Strippoli et al., 2004; Viergever & Li, 2015). The presence of 

inadequate sample sizes and insufficient protocol descriptions have also been shown to be 

particular challenges to clinical trial quality (A.-W. Chan & Altman, 2005; Meinert et al., 1984).  

Reviews of the quality of randomized clinical trials (RCT) using the Jadad scale or the Cochrane 

assessment of risk have reported that most trials are of low quality and that trial quality has not 

demonstrated improvement over time (Chung et al., 2012; Welk et al., 2006).  

Providing public information through registration is hypothesized to promote quality 

improvement. The International Committee of Medical Journal Editors (ICMJE) established 

required elements, including registration of clinical trials, for publication in their journals in 

2005 (2004). The Consolidated Standards of Reporting Trials (CONSORT) guidelines were 

established to encourage transparency in reporting of RCTs.  The checklist of 25 items includes 

information in the areas of trial design, methods, recruitment, conclusions and source of funding 

(Schulz, Altman, & Moher, 2010).  

However, we are not aware of any systematic assessment of clinical trial quality beyond 

randomized control trials, since the introduction of these guidelines.  Building on this backdrop, 
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we comprehensively assessed the quality of clinical trials at 167 research universities in the 

United States.  We aimed to identify institutional factors that are associated with trial quality 

which could be levers for improvement of clinical trials.  

Methods:  

Sites United States research universities participating in the annual innovation survey of the 

Association of University Technology Managers (AUTM) were included (n=167). 

Inclusion Criteria Eligible trials: (i) start date after February 1, 2000 (when clinicaltrials.gov 

was launched); (ii) the trial was conducted by one of the eligible research universities; and (iii) 

the targeted or realized completion date of the study was before December 31, 2016. The last 

criterion was necessary to evaluate the trial result uploading within one year after completion. 

Exclusion: Trials which were missing a start or completion date. Trials with a study status of 

“not yet beginning recruitment” were excluded from quality indicator analysis. If there has never 

been recruitment we hypothesized that any quality deficiencies would not represent societal 

harm.  

Data A total of 29,478 trials were assessed for eligibility from the registration data in the 

clinicaltrials.gov database of the NIH National Library of Medicine. Eligible trials (n= 16,788) 

were then uploaded into an Microsoft (MS) Access database.  

Enrollment and subject completion counts were extracted by using pgAmdin 4 from the 

Clinical Trials Transformation Initiative’s Aggregate Analysis of ClinicalTrials.gov (AACT) in 

March and April of 2018 (https://aact.ctti-clinicaltrials.org/). Data were matched based on the 
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unique identifier (NCT_Id) using Standard SQL queries. Historical data on anticipated 

enrollment were culled from archived ClinicalTrials.gov trial information. 

Data was examined and cleaned (e.g., identification of missing data, conversion of text 

fields into numeric, etc.). The original primary (or targeted) completion date was entered for 

completed trials without a completion date. Trials were classified into ongoing (active, not 

recruiting, available, enrolling by invitation, recruiting, temporarily not available) and completed 

(completed, no longer available, suspended, terminated, and withdrawn).  

A subsample of trials was identified for quality score calculation and analysis. 

Universities with at least 20 completed intervention trials, with reported enrollment which were 

initiated after 2007 were included. For completed trials, results uploading was evaluated only on 

those completed after 2007, with a study site in the US, and were classified as interventions, per 

FDAAA 801 and the Final Rule requirements. Many leading research universities did not 

conduct sufficient number of clinical trials to be included in this analysis (e.g., Harvard, MIT). 

Ratios of faculty and research expenditures per clinical trials per year was calculated by 

institution. The total full-time faculty for each university was downloaded from the Integrated 

Postsecondary Education Data System (IPEDS), between Fall 2007 and Spring 2015. Research 

expenditures from federal, industry, and all sources were retrieved from the NSF Higher 

Education Research and Development Survey (HERD) for the years 2007-2015.  

Quality Indicators Quality scores were calculated based on the ratio of identified quality 

indicators to the total possible; for planning and execution quality, lower is better.  Overall 

quality scores were reverse coded, so that a higher score indicates better quality. The following 
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binary indicators were defined for the planning and execution quality scores, based on the 

CONSORT reporting guidelines. 

1. Planning. Based on the presence or absence of information on 6 indicators:  primary outcome 

measure, using a DMC, randomization allocation, interventional study model, description of 

blinding methods, and primary purpose.  For specific definitions of indicators, please see 

clinicaltrials.gov (clinicaltrials.gov, 2017). 

2. Execution. Biased proportions in the execution of clinical trials and conflicting or 

incompatible data about a clinical trial. 

● Distorted gender balance: when a gender-neutral condition is studied, balanced sampling 

is expected. Deficiency is noted when the male or female ratio is below 25% or above 

75%.  

● Low retention rate: the ratio of subjects completing a study vs. those who do not. Study 

results may be biased once retention rates fall below 80% (Polit & Hungler, 1995). 

● Failure to recruit: when enrollment of a clinical trial falls below 90% of the originally 

targeted enrollment 

● Gender inconsistencies: Reporting erroneous gender enrollment in trials of sex specific 

diseases/conditions (such as breast cancer or prostate cancer), determined by stated single 

subject subgroup analysis in the study title, outcome measure, or disease/condition.  

● No uploaded results after one or more years of trial completion.   

● Terminated, withdrawn, or suspended status without a medical, safety, or pre-determined 

protocol reason. Deficiency is also noted when no reason is given. 
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Overall quality score ranges from zero to 100 points, with 100 points being defined as deficiency 

free trials and the highest possible clinical trial quality score.  Lower quality scores have the 

most clinical trial quality deficiencies. 

Analysis Using SPSS v.25.0, the national averages of the quality scores were calculated and 

improvement over time was analyzed.  Frequency of deficiency free trials and the most 

significant indicators for improving quality were identified. Kruskall-Wallis H tests were 

conducted to examine significant differences between both institutional characteristics and 

quality scores.  Post-hoc testing for between group differences were conducted using Dunn’s 

procedure with a Bonferroni correction for multiple comparisons.18 Adjusted p-values are 

presented. Pearson correlation and multiple linear regression were used to determine if larger 

faculty sizes, research expenditures, and funding source are significantly associated with quality 

scores.  Strong, moderate, and weak correlations are determined according to Cohen’s effect 

sizes.(Cohen, 1988)  University quality scores were divided into quartiles based on the average 

quality scores. These quartiles were then compared to the 2015 Carnegie Classification of 

Doctorate-granting Institutions ranks of moderate research activity, higher research activity, and 

highest research activity, by rank correlation. Values are reported as means (+SD) with range 

(minimum to maximum values), unless otherwise noted.   All data was analyzed by Vernon. 

Results  

There were 167 eligible institutions performing clinical trials. Together, they conducted 

16,787 eligible trials, with an average of 116 trials ± 159 per institution. For the more detailed 

quality analysis, there were 73 institutions with at least 20 registered and completed intervention 
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trials with enrollment and a start date after 2007 (total number of these trials was 7774 that were 

included in the sub-analysis). 

Attributes of the included trials and institutions are described in Table 1.  The number of 

the eligible trials as reported included the following clinicaltrials.gov status categories: 1658 

eligible trials were “not actively recruiting,” 1 trial was “available”, 10,507 trials were 

“completed,” 249 were “enrolling by invitation,” 3 were “no longer recruiting”, 1880 were 

“recruiting,” 63 had been “suspended,” 1627 were “terminated”, 15 had an “unknown” status, 

and 784 eligible trials were “withdrawn.”  

Table 10. Characteristics of eligible clinical trials sample (n = 16,787) 

 Total Number of Trials Trials Per University 

 N Percent Mean ± SD Range 

Study Types     

Expanded Access 4 0.0%   

Interventional 13487 80.3% 95 ± 541 1 - 128 

Observational 3296 19.6% 31 ± 36 1 - 163 

Completed Trials 12,984 77.3% 95  ± 127 1 - 589 

Ongoing Trials 3788 22.6%   

Gender     

Both 14078 83.9% 100 ± 134 1 - 571 

Female 2144 12.8% 20 ± 23 1 - 108 

Male 551 3.3% 7 ± 8 1 - 51 

Time Perspective     

Prospective 2332 13.9% 23 ± 26 1 - 138 

Retrospective 286 1.7% 4 ± 5 1 - 29 

Cross-Sectional 501 3.0% 6 ± 6 1 - 30 

Longitudinal 9 0.1% <1 1 

Phase Designation     

Phase 0 282 2% 4 ± 4 1 – 282 

Phase 1 1339 8.0% 14 ± 15 1 - 1339 
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Phase1/2 703 4.2% 8 ± 8 1 - 703 

Phase 2 2275 13.6% 22 ± 26 1 - 2275 

Phase2/3 334 2.0% 4 ± 4 1 - 334 

Phase 3 730 43.3% 8 ± 8 1 - 730 

Phase 4 1558 9.3% 16 ± 17 1 - 1558 

Randomization Allocation     

Randomized 6209 10% 64 ± 83 1 – 352 

Non-Randomized 8912 53% 16 ± 20 1 - 118 

Masking     

Single Blind 2117 12.6%   

Double Blind 3552 21.1%   

No Masking/Open Label 7598 45.3%   

Primary Purpose     

Treatment 7952 63.8% 62 ± 78 1 – 320 

Prevention 1871 15.0% 16 ± 18 1 - 74 

Diagnostic 594 4.8% 8 ± 8 1 – 48 

Supportive Care 662 5.3% 8 ± 7 1 - 32 

Screening 122 1.0% 3 ± 2 1 - 13 

Health Services Research 543 4.4% 7 ± 8 1 – 39 

Basic Science 711 5.7% 7  ± 8 1 – 36 

Interventional Study Model     

Single Group 4421 26.3% 37 ± 49 1 - 248 

Parallel 7253 43.2% 53 ± 68 1 - 293 

Crossover 1116 6.6% 12 ± 11 1 - 46 

Factorial 415 2.5% 5 ± 5 1 - 27 

Sequential 0 0 0 0 

Observational Study Model     

Cohort 1469 8.8% 16 ± 18 1 – 103 

Case-Control 645 3.8% 8 ± 7 1 – 33 

Case-Only 543 3.2% 7 ± 6 1 – 29 

Case-Crossover 32 0.2% <1 1 – 3 

Ecologic or Community 43 0.3% <1   1 – 4 

Family-Based 25 0.1% <1  1 – 4  

Funding Sources     

NIH 3660 21.8% 31 ± 42 1 - 233 
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Industry 2411 14.4% 24 ± 27 1 - 153 

Industry/NIH 171 1.0% 2 ± 2 1 - 10 

Industry/Federal 66 0.4% <1  

US Federal Government 505 3.0% 6 ± 7 1 - 36 

Other 10004 59.6% 71 ± 94 1 - 442 

Results     

With Results 2720 16.2% 91 ± 34 1 - 180 

Without Results 14067 83.8% 97 ± 132 1 - 582 

Enrollment 12832 76.4% 115 ± 157 1 - 661 

 With Anticipated and Enrolled 7245 43.2% 68 ± 88 1-410 

 

Observational Studies Characteristics. Among observational studies, 513 (16%) did not report 

study model and 168 (5%) did not report the time perspective of the study. Only 26%  of the 

studies reporting using a DMC. Of studies reporting subject completion data, 84% retained 

above 80% of the subjects, but less than half recruited at least 90% of their anticipated 

enrollment.  

Intervention Trials Characteristics The frequency of trials per quality indicator is presented in 

five year groups between 2000 and 2015 (Table 11). The mean number of quality deficiencies 

per trial was 2.4 (±1.1, range 0 to 12). Chi-square tests across time showed significant 

differences in some but not all planning and execution indicators.  

Recruitment rates deficiencies were found in 63% of trials, affecting 7,529,137 subjects 

(Table 12). Over 67,000 subjects were enrolled in intervention trials that were withdrawn, 

suspended, or terminated. Figure 1 describes the recruitment rate broken down by percent of all 

trials. 
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Among the quality score sample, there were 5,149 (72%) trials without planning 

deficiencies; in contrast, there were only 376 (5%) trials that had no execution deficiencies. 

Next, the Parteo chart technique was used to identify the frequency of each execution deficiency 

per quality scores (Tague, 2005). If all trials had results uploaded, the number of trials without an 

execution deficiency increased to 3,295 trials (42%). Improving recruitment rates would add an 

additional 307 trials without deficiencies, and improving gender enrollment would increase that 

number by 204.  In total, 273 trials had no deficiencies in either category. 
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Table 11. Overall frequency of quality defects from all intervention trials (n=13,490), over time. Denominator is total applicable trials. 

Quality Defect 2000-2005 2006-2010 2011-2015  

 Actual/Total (%) Actual/Total (%) Actual/Total (%) X2                              p  

Planning       

Missing Primary Outcome Measure 227/2683 (8.5) 38/5907 (0.6) 2 /4900 (0.0) 730.3 0.000 

No DMC 855/2683 (31.9) 2592/5907 (43.9) 2229/4900 (58.6) 97.7 0.000 

 Unknown Randomization Allocation 511/2683 (19.1) 1238/5907 (21.0) 1164/4900 (23.8) 25.1 0.000 

Unknown Interventional Study Model 191/2683 (7.1) 66/5907 (1.1) 25/4900 (0.5) 418.7 0.000 

 Unknown Blinding 123/2683 (4.6) 46/5907 (0.8) 51/4900 (1.0) 183.3 0.000 

 Unknown Primary Purpose 181/2683 (6.7) 393/5907 (6.7) 473/4900 (9.7) 38.4 0.000 

Execution      

Distorted gender enrollment 129/351 (36.8) 480/1372 (35.0) 265/725 (36.6) 0.7 0.703 

Low retention rate 160/514 (31.1) 532/1961 (27.1) 283/1051 (26.9) 3.6 0.161 

Failure to recruit 147/252 (58.3) 1934/3505 (55.2) 1712/3168 (54.0) 2.2 0.331 

Gender inconsistencies 6/482 (1.2) 10/930 (1.1) 9/772 (1.2) 0.1 0.958 

Withdrawn/Terminated without a 

medical explanation 
227/298 (76.2) 665/959 (69.3) 371/642 (57.8) 37.9 0.000 

Completed trials with no results 2024/2484 (92.6) 3381/4964 (68.1) 2580/3096 (83.3) 298.9 0.000 
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Table 12. Recruitment Defects among Intervention Trials with Recruitment Data 

 Frequency (%) Enrolled subjects per study 

 Per Trial Average Min Max Total 

Met Recruitment Goals 3139/6925 (45.3) 415 ± 4306 3 174,000 1,302,996 

Enrollment below 90% 

of anticipated  
3793/6925 (54.8) 156 ± 3078 1 207,517 762,356 

Enrollment above 125% 

of anticipated  
585/6925 (8.4) 9352 ± 186,803 1 5,000,000 6,761,781 

Terminated, Withdrawn 

or Suspended for a 

Medical Reason 

636/1899 (33.5) 20 ± 215 1 4556 12,709 

Terminated, Withdrawn 

or Suspended for a non-

medical reason or 

without a reason 

1263/1899 (66.5) 47 ± 387 1 11,738 54,318 

 

Figure 1. Recruitment Rate of Intervention trials by percent of anticipated enrollment 

 

A Kruskal-Wallis H test was run to determine if there were significant differences in 

quality scores across the following four types of trial funding that are mutually exclusive from 

each other: Industry (n = 1219), NIH/Government (n = 1722), a combination NIH and Industry 
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(n = 100), or Other (n = 4733). Distributions of all quality scores were not similar for all groups, 

as assessed by visual inspection of a boxplot. The distributions of overall quality scores were 

significantly different between groups, χ2(3) = 140.1, p < 0.001; as were execution, χ2(3) = 

104.5, p < 0.001, and registration quality scores χ2(3) = 81.1, p < 0.001.  

These post hoc analyses revealed statistically significant differences in overall quality 

scores between NIH/Government funded trials (0.18) and other funded trials (0.21) (p >0.001), 

and between NIH/Government and Industry funded trials (0.20) p < 0.001). Execution score post 

hoc analysis showed statistically significant differences between funded by both the NIH and 

Industry (0.29) and Other (0.34), (p = 0.018), and between NIH/Government (0.30) and Industry 

(0.32) (p<0.001). Planning scores were significantly different between NIH/Government funded 

trials (0.046), other funded trials (0.045) (p <0.001), and Industry (0.075) (p<0.001); and 

between industry funded trials and other funded trials (p<0.001). 

Multiple linear regression was run to assess the influence of faculty size, research 

expenditure, and source of funding on the overall quality score per trial. The multiple regression 

model statistically significantly predicted overall quality score per trial (F(3, 5975) 30.89. 

p<0.0005), adjusted R2  of 0.015. All three variables added statistically significantly to the 

prediction, p<0.001. 

Institution Analysis  

The per institution mean overall quality score was 83 out of 100, (±2, range, 78 to 86); 

planning score: 96 (±0.01, range 89 to 99), and execution score: 69 (± 3, range 59 to 75).  

Average study enrollment was 812 (± 4280, range, 10 to 50,258) per trial. The range of trials per 

institution in this sample was 22 to 384. There was a weak but significant correlation between 
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execution quality and the number of trials per institution (r = .285, p = 0.15), but not overall 

quality score. Johns Hopkins University had the highest average trial enrollment (n = 50,258) for 

162 trials. Stanford University had the most enrolled trials at 360 trials, with an average subject 

enrollment of 371.  On average, institutions had 294±221 faculty and $44,051±$24,300 research 

expenditures per trial; 62.5% of trials were conducted at private institutions. 

Of the institutions with 20 or more registered trials, the University of Pennsylvania had 

the highest average recruitment rate of 136%, followed by Northwestern University (121%). No 

significant differences on any institutional characteristic or quality score was found between 

public and private institutions.  

Ohio State University had the highest percentage of trials with no execution deficiencies 

(10.4%), and Florida State University had the highest percentage of trials with no planning 

deficiencies (93.3%). The top 25th percentile of institutions of trials with no deficiencies is 

presented in Table 13. 

Table 13. Top 25th percentile of institutions with error free trials among planning and 

execution quality scores 

Institution Planning Institution Execution 

Florida State Univ. 93.3% Ohio State Univ. 10.4% 

Wayne State Univ. 84.6% Univ. of New Mexico 9.8% 

Purdue Univ. 81.8% Univ. of Rochester 9.4% 

Univ. of South Florida 81.4% Univ. of Utah 9.2% 

Univ. of Massachusetts 81.3% Wake Forest Univ. 9.1% 

Univ. of Illinois, Chicago  81.0% Univ. of Texas Health Science Ctr. Houston 8.7% 

Univ. of South Carolina 80.8% Virginia Commonwealth Univ. 8.6% 

Univ. of Cincinnati 80.6% Indiana Univ. (ARTI) 8.3% 

Univ. of Tennessee 79.5% Univ. of Texas Southwestern Med. Ctr. 8.2% 

Univ. of Texas at Austin 79.3% Univ. of Cincinnati 8.1% 
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Univ. of Colorado 78.9% Medical College of Wisconsin  7.8% 

Boston Univ. 78.6% Univ. of Arizona 7.5% 

Temple Univ. 77.8% Washington Univ. St. Louis 7.5% 

Univ. of Texas Southwestern Med. Ctr. 77.3% Duke Univ. 7.5% 

Univ. of Kentucky  77.1% Univ. of Washington 7.0% 

Mount Sinai School of Medicine-NYU 76.8% Univ. of Pittsburgh 6.7% 

Tufts Univ. 75.8% Northwestern Univ. 6.6% 

Albert Einstein College of Med 74.1% Thomas Jefferson Univ. 6.6% 

 

For overall quality score, significant correlations included the percent of trials funded by 

industry (r = -.47, p<0.001), and the average institutional research expenditure per trial (r=0.263, 

P=0.26). Significant correlations with execution quality included: faculty per trial (r=0.290, 

P=.022), research expenditure per trial (r = .393, P=.024), federal research expenditure per trial (r 

=.374, P=.035), and percent of trials funded by both industry and NIH (r = .514, P<.001). 

After assessing for normality on institution variables, faculty per trial, research 

expenditure per trial, and research expenditure from federal sources were logarithmically 

transformed. No variables significantly predicted overall quality score per institution through 

multiple linear regression.  For execution score per institution, the model was statistically 

significant (P=0.05). R2 was 74.4% with an adjusted R2  of 68.0%, a large size effect according to 

Cohen.19 Faculty per trial, research expenditure, and percent of trials funded by both industry and 

the NIH significantly predicted execution score (F(3, 13) 11.634, p<.001). Only the percent of 

trials funded by both sources added statistically significantly to the prediction.    

Institutions were classified into quartiles based on their overall quality score (Table 4 

presents the top 25th percentile). These groups were then compared to the institution’s 2015 

Carnegie Classification. Of the matched institutions, 52 were in the highest research activity 
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group, and 7 in the higher research activity group. Overall and planning scores were significantly 

correlated with the Carnegie Classification rank (in respective order, r = 0.30 and 0.31, Ps = 0.03 

and 0.02); execution score was not.  

Discussion  

Based on pertinent guidelines, this assessment found that planning quality of clinical 

trials improved significantly over time. However, deficiencies associated with execution quality 

remained highly prevalent and without detectable improvement. For the below expectation 

quality, deficiencies in results reporting and recruitment were mostly responsible. Clinical trial 

quality is highest in the group of most research active institutions. Intervention trials funded by 

the NIH had significantly better execution quality scores in comparison to industry sponsored 

and other funded trials.  

The indicators used in the planning quality score were all required elements of the ICMJE 

and the CONSORT reporting criteria. The observed improvement is in line with the increased 

attention given to clinical trials registration by journal editors and the CONSORT reporting 

guidelines. This finding provides further evidence for the beneficial impact of reviewer attention 

to trial quality. It is noteworthy, that the CONSORT criteria includes execution quality 

guidelines but those have not been adopted as journal editor requirements.  

Deficiencies associated with execution quality did not show improvement over time, 

highlighting a significant gap in ensuring clinical trial quality. In addition, the number of trials 

without execution deficiencies was much lower than those trials without any planning 

deficiencies. However, correcting results uploading deficiencies, improving the recruitment rate, 



84 
 
 

 

and enrolling with balanced gender representation would significantly increase the number of 

trials without execution quality deficiencies.  

Overall, the most often found clinical trial quality deficiency was results uploading in the 

evaluated intervention trials. Previous research has estimated on time reporting of results to be 

between 12% - 22%; results are expected to be uploaded within one year of study completion 

window under certain conditions.20-22 The latest results of this study confirmed the essentially 

unchanged, low rate of uploading. The lack of sharing impedes reproducibility and may 

negatively impact clinical practice guideline development. Editorial requirements for the 

execution indicators may lead to overall trial quality improvement. 

Quality clinical trials come from generally productive research environments. Institutions 

in the highest quality quartile, were ranked as “highest research activity” by the Carnegie 

Classification. All eligible institutions in our quality analysis were ranked in the higher and 

highest research activity categories by the Carnegie Classification and none of them in the 

moderate category. The only institution to appear in the top 25th percentile of deficiency free 

trials both planning and execution was the University of Texas, Southwestern Medical Center, 

Dallas, TX. These results highlight the institutional responsibility for the culture of quality 

clinical trials. 

Deficiencies in recruiting were found in over half of the study with enrollment data.  

Extreme oversampling and undersampling may result in wasted research resources, may not be 

consistent with human subject protection, and could result in under- or overpowered analysis. 

One of the most reported reasons for withdrawing a trial was difficulty in recruiting or slow 

accrual.  Over 54,000 patients participated in intervention trials that were withdrawn, terminated 
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or suspended without medical or safety reasons. The most often cited reasons were loss of 

funding, inadequate recruitment, and the loss of PI from the institution. These terminated trials 

waste patient time and effort and may have unnecessarily put patients at risk of harm without 

benefit.  

The percent of trials funded by the NIH had significantly better execution quality scores 

than those funded by other sources. This may be due to a commitment by the NIH towards rigor 

and reproducibility, as well as an emphasis on the societal benefit of clinical trials research. In 

addition, publication requirements may encourage on time results reporting and complete 

registration for these trials, more than those funded by other sources. 

It needs to be recognized, all values were self-reported by the institutions and 

inaccuracies may exist. For example, the recruitment values above 200% were identified as 

possible outliers. However, this represented only 2.9% of the sample. Validation efforts of the 

variables collected were limited by the availability of the online registry of trials. On the other 

hand, institutions can readily use the indicators we have identified to improve the reporting and 

conduct of study results. 

Mechanisms to evaluate the overall quality of research are presently limited.23-25 The 

Jadad scale, van Tulder scale, and the Cochrane Collaboration guidelines are currently the most 

applicable for evaluating the quality of randomized controlled trials. Our study provides an 

avenue to examine the quality of clinical trials by both planning and execution indicators. Future 

clinical trial improvement efforts can build upon the identified and measurable quality indicators. 
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For overall quality score, significant correlations included the percent of trials funded by 

industry (r = -.47, p<0.001), and the average institutional research expenditure per trial (r 

=0.263, p = 0.26). Significant correlations with execution quality included: faculty per trial (r = 

0.290, p<.022), research expenditure per trial (r = .393, p<.024), federal research expenditure 

per trial (r =.374, p<.035), and percent of trials funded by both industry and NIH (r = .514, 

p<.001). 

 After assessing for normality on institution variables, faculty per trial, research 

expenditure per trial, and research expenditure from federal sources were logarithmically 

transformed. No variables significantly predicted overall quality score per institution through 

multiple linear regression.  For execution score per institution, the model was statistically 

significant (p<0.05). R2 was 74.4.0% with an adjusted R2  of 68.0%, a large size effect 

according to Cohen (Cohen, 1988). Faculty per trial, research expenditure, and percent of trials 

funded by both industry and the NIH significantly predicted execution score (F(3, 13) 11.634, 

p<.001). Only the percent of trials funded by both sources added statistically significantly to the 

prediction.    

 Institutions were classified into quartiles based on their overall quality score. These 

groups were then compared to the institution’s 2015 Carnegie Classification. Of the matched 

institutions, 52 were in the highest research activity group, and 7 in the higher research activity 

group. Overall and planning scores were significantly correlated with the Carnegie 

Classification rank (r = 0.30, 0.31, p values = 0.03, 0.02); execution score was not. All 

institutions in the highest quality quartile, were ranked as “highest research activity” by the 

Carnegie Classification.  
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Discussion  

 These results support increased public and private collaboration, as the percent of trials 

funded by both industry and the NIH significantly predicted execution scores. Over time, 

improvement in registration quality indicators increased significantly. This is in line with the 

increased attention given to clinical trials registration by journal editors and the CONSORT 

reporting guidelines. Errors associated with execution quality did not show improvement over 

time, highlighting a significant gap in ensuring clinical trial quality. 

 All institutions in the quality analysis were ranked in the higher and highest research 

activity categories by the Carnegie Classification. This may indicate that only institutions with a 

significant research focus conduct clinical trials in the United States. In addition, these results 

demonstrate that quality research results from generally productive research environments. The 

only institution to appear in the top 25th percentile of error free trials was the University of 

Texas, Southwestern Medical Center, Dallas, TX. 

 This study finds that execution quality was 2% lower in industry funded and 4% lower 

in trials funded by other sources, compared to those funded by the NIH. Errors in recruiting 

were found in over half of the study with enrollment data.  Over sampling and under sampling 

may result in wasted research resources, may not be IRB approved, could result in under or 

overpowered analysis.  

 Over 54,000 patients participated in intervention trials that were withdrawn, terminated 

or suspended with insufficient explanation. The most often cited reasons were loss of funding, 

inadequate recruitment, and the loss of PI from the institution. These terminated trials waste 

patient time and effort and may have unnecessarily put patients at risk of harm without benefit. 

Unnecessary termination invalidates this promise of benefit.  
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 Previous research has estimated on time reporting of results to be between 12% - 22%; 

results are expected to uploaded within one year of study completion window under certain 

conditions (Kuehn, 2012; Prayle, Hurley, & Smyth, 2012; Saito & Gill, 2014). A significant 

portion of intervention studies do not have results uploaded. This lack of sharing unnecessarily 

impedes future research design efforts and may negatively impact clinical practice guideline 

development. 

 Mechanisms to evaluate the overall quality of research are presently limited (Furlan, 

Pennick, Bombardier, & van Tulder, 2009; Jadad et al., 1996; Mina et al., 2013). The Jada and 

van Tulder scale, in conjunction with the Cochrane Collaboration guidelines, are currently the 

most applicable for evaluating the reporting of randomized controlled trials (RCT), but quality 

measures for other designs do not exist. This study provides an avenue to examine the quality 

of clinical trials by both planning and execution indicators. Planning errors are improved easily, 

with the updating and completion of trial registrations. Low quality due to execution may 

require significant institutional attention.  

 Limitations – All values were self-reported by the institutions and inaccuracies may 

exist. For example, the recruitment values above 200% were identified as possible outliers. 

However, this represented only 2.9% of the sample. Validation efforts of the variables collected 

were limited by the availability of the online registry of trials. Other indicators of quality, 

including the appropriateness of statistical analysis for the study design, may also be significant 

indicators. However, institutions can use the indicators we have identified to improve the 

reporting and conduct of study results. 

 Universities with greater access to resources such as faculty and research expenditures 

were associated with better quality clinical trials. While regression analysis did not result in 
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large discrimination due to these variables, there was wide diversity in the institutions in the top 

25th percentile of error free trials. Smaller institutions should recognize that size and funding are 

not the only indicators of quality, but significant attention should be paid to the quality of trials 

conducted at their institutions.  

 Future research efforts can build upon the quality indicators indicated in this study. 

Analysis of these indicators across all trials, not just those associated with the universities in 

this sample, may further highlight significant indicators of quality and pinpoint areas for quality 

improvement efforts in the conduct of clinical trials. 
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This final manuscript builds upon the results of the previous studies to explore how institutions 

would be ranked according to the nine proposed indicators. Since the number of clinical trials 

with results uploaded was the most significant contributor to trial quality – in that when 

removed, the number of deficiency free trials improved significantly, this indicator was 

replaced from the previous proposal of total number of clinical trials.  

3. Use of Latent Profile Analysis to Model the Translation of University Research: 
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One Sentence Summary: The aim of this study is to investigate the profiles of translational 

research at US academic institutions through latent profile analysis. 

Abstract: The aim of this study is profile institutions based on their characteristics in the 

translation of health research generated by academic institutions.  The hypothesis is that there 

would be the following three latent profiles of institutions from relatively least to most 

significant degree of translational research: improving significant translation, significant 

translation, and very significant translation.  

The sample consisted of 127 higher educational institutions who responded to the Association 

of University Technology Managers (AUTM) Licensing Activity Survey: Fiscal Years 2011-

2015. Explored predictor variables included publications, citations in the top 10% of journals, 

patent citations in Food and Drug Administration (FDA) approvals, clinical trials with uploaded 

results, contributions to clinical practice guidelines, awarded patents, start-ups, and licenses 

generating income. All variables were standardized by 100 faculty. 

Latent variable modeling (LVM)  was conducted in Mplus v.8.1, specifically latent profile 

analysis (LPA) was utilized to predict institutional profiles of research, which were compared 

with the 2015 Carnegie Classification System ranks. Multivariate regression of profile 

assignment on research expenditure and income generated by licensure was used to show 

concurrent validity. 

The LPA resulted in the following three profiles of institutions as the most parsimonious model: 

improving significant translation, moderate translation, and significant translation. Mantel-

Haenszel test of trend to the Carnegie Classification found both agreement and disagreement 

among institution rankings (χ2(1)= 26.69, p < 0.001, r = 0.492). Profile assignment significantly 

predicted differences in research expenditure and income generated by licensure. 
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The impact of academic institutions on science, public health, and financial resources can 

potentially be profiled using quantitative methods.  

Introduction 

The value of science is in its ability to impact society. Various academic, clinical and 

policy-making stakeholders routinely express the value of life sciences in very different terms 

to different audiences. Consequently, there is an emerging need for comprehensive outcome 

measures to evaluate the societal impact of university research. . There is currently a lack of 

studies that quantitatively identify the degree of translational research achieved by higher 

academic institutions. An earlier review by the Institute of Medicine concluded that the lack of 

transparency in reporting and lack of high-level common metrics are barriers to overall clinical 

translational science program accountability (Leshner et al., 2013). Based on the available 

literature, we have identified the following proposed indicators to model academic research 

translation through: contributions to science and knowledge exchange by publications, citations, 

IP disclosures, and patent awards; to Public Health represented by patent citations in FDA 

Approvals, ClinicalTrials.gov records with results, and contributions Clinical Practice 

Guidelines through references; and to Economics through active licenses, start-ups, and licenses 

generating income.  

In the scientific community, contribution to knowledge is the most widely accepted and 

measured benefit of research. Currently, publications and citations are commonly used for the 

evaluation of scientific productivity and translation of knowledge within an academic research 

environment. Numerous iterations of these metrics, from number of high impact journals to 

complex citation bibliometrics have been proposed (Bornmann et al., 2008; Hicks, 2012; Hicks 
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et al., 2015). Ultimately, these single indices are not sufficient to describe the value of science 

to society.  

 Numerous university ranking systems include research funding and faculty size as 

metrics. In an evaluation of international performance based funding systems, institutions who 

demonstrate high research performance – identified through publications and citations- 

generally receive a larger proportion of funding (Hicks et al., 2015). However, unless metrics 

are standardized, larger institutions have a disproportionate advantage in that their larger 

resource base of funding and faculty size produces more research productivity than smaller 

institutions (Florida, Knudsen, Stolarick, & Lee, 2006) Yet, a Canadian evaluation found a 

diminishing rate of return between increasing research expenditure and high quality research 

(Mongeon et al., 2016). Faculty awards, promotion and tenure policies and scientific 

reputations of institutions rely heavily on these metrics when assessing scholarly creativity (F. 

S. Collins & Tabak, 2014; Edwards & Roy, 2016)  

Current university research evaluation and ranking systems rarely consider patents, IP 

disclosures, scientific models, or the promotion of innovation culture (Vernon, Balas, & 

Momani, 2018). This limits the scope of the analysis to either publication-focused or the IP–

focused, but not both. Generating one intellectual property disclosure requires vastly different 

amounts of research at various universities (Lanjouw & Schankerman, 2004). The economic 

impact of an institution’s research may also be demonstrated by knowledge transfer agreements 

which license intellectual property (IP), thus generating revenue, and start-up companies 

employing individuals (Bercovitz & Feldman, 2006; Rasmussen & Borch, 2010). 

One form of institutional research evaluation currently produced is The Carnegie 

Classification of Institutions of Higher Learning. Many consider this the gold standard for 
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university comparison and evaluation. The Basic Classification categorizes doctoral research 

institutions into moderate, higher, and highest levels of research activity, based on a research 

activity index. Indicators used in this system include research expenditures for both Science and 

Engineering (S&E) and non-S&E fields, research and development staff with doctoral degrees 

in S&E and non-S&E fields, and the number of doctoral degrees conferred in STEM and non-

STEM fields. 

The ultimate mission of life sciences is to improve health, but current productivity 

measures typically neglect this outcome. There is a clear preference for reports of health-related 

impact over economic by both researchers and the public (Miller et al., 2013; Pollitt et al., 

2016). Yet, appropriate indicators of success are typically limited to public opinion polls and 

large scale public health successes such as smallpox eradication (Larkin & Marks, 2012). A 

health and budget impact analysis of the pneumococcal vaccine focused on the relationship 

between the cost of the vaccine and the efficacy of the vaccine (Jiang et al., 2015). While a 

clear cost-benefit was defined, repeating this analysis for all university research would require a 

significant effort.  A UK effort developed the Public Health Impact score, which evaluated the 

number of lives saved by 20 quality of care indicators (Ashworth et al., 2013). These care 

indicators included specific clinical practice guideline implementations; unless a university 

could clearly trace the effects of their research on a clinical practice guideline or drug 

development, replicating this would be difficult. 

The goal of this study is to empirically determine the profiles of significant translational 

research using latent profile indicators which are representative of institutional contributions to 

science, public health, and economics. We hypothesize that there will be the following three 

profiles: improving significant translation, significant translation, and very significant 
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translation.  The translational application of the profiles is to allow institutions to evaluate their 

own research endeavors, enable accountability, and provide common metrics for comparison 

across institutions. Results may thus increase the value of research to all stakeholders and 

reduce wasted resources by highlighting efforts which are most beneficial to society. 

Materials and Methods 

Development of Quality and Innovation Measures 

Sample: US Academic Institutions who reported data to the 2011-2015 Association of 

University Technology Managers (AUTM) annual licensing survey(Association of University 

Technology Managers, 2015). Exclusion criteria: Universities which report their data as a 

university system, rather than individual campuses. The final sample size used for this study 

was 127 academic institutions in the United States. 

Data sources and measurement methods. Total numbers of publications from 2011-2015, and 

citations records for publications in the 5 years before 2014 were included. Self-citations were 

excluded. Total annual citations collected from the Web of Science database in collaboration 

with Leiden University, according to the method established by the CWTS Leiden Ranking 

system (Ruiz-Castillo & Waltman, 2015; Waltman & Schreiber, 2013). All authors and their 

affiliations were included in the search, so that some publications are included in multiple 

institution counts. 

To be included as an LPA indicator, proposed variables must fit the following 

requirements. Variables must be measured quantitatively. Data must be available from common 

or public sources to enable national comparisons. Data must be intuitively appropriate for the 
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variable of interest. Finally, included variables must be measurable over time and are applicable 

for research quality improvement initiatives. 

Clinical Trials registered and completed between 2011-2015, and those completed 

clinical trials with results by the end of 2015 were downloaded by institution from the 

ClinicalTrials.gov website. The Agency for Health Research and Quality clinical practice 

guidelines (CPGs) were pulled from the National Guideline Clearinghouse. CPGs which meet 

the 2013 AHRQ inclusion criteria and were published by US institutions were collected for the 

year 2014 (National Guideline Clearinghouse, 2016). Institutional contributions to clinical 

practice guidelines were assessed through the number of cited research within the guideline, 

counted by author affiliation per institution (Waltman & Schreiber, 2013). Citations in patents 

FDA approvals were collated by the same Leiden bibliometric method. 

The AUTM annual licensing survey (2015) was used to collect information about 

university intellectual property (IP) disclosures and licensing activities conducted between 2011 

and 2015. Data on patent awards, the total number of licenses generating income, and total 

start-up companies founded were exported from this data. 

Total faculty numbers were collected from the Integrated Postsecondary Education Data 

System (IPEDS) for the  2011/2012 – 2015/2016 school years (US Department of Education, 

2015). All faculty who are reported as full time are included in this measure. To standardize 

measurements, all variables were divided by 100 faculty in the referent school year to the year 

of data reporting. 

Statistical Analysis. Since the data was not normally distributed, SPSS v 25.0 (IBM, Armonk, 

NY) was used to transform the data using a Blom normal transformation. MPlus v7.11 (L. 

Muthén & Muthén, 1998-2015) was then used for further analysis with latent factors. A Latent 
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Profile Analysis (LPA) was used to establish meaningful groups and to explore similarities 

between institutions, according the hypothesized indicators of innovative research translation 

(B. Muthén, 2004; B. O. Muthén, 2001; Nylund, Asparouhov, & Muthén, 2007). This is similar 

to a Latent Class Analysis, except that this approach is appropriate for continuous indicators, as 

opposed to categorical. Latent profile assignments were based on posterior probabilities 

calculated from Bayes’ Theorem (McCutcheon, 2002). This approach has been used to identify 

neighborhood profiles and environmental impact on physical activity in health research(Jones 

& Huh, 2014; Todd et al., 2016). Stanley et al. (2017) report that LPA provides a systematic 

way to describe differences between institutions, in their case, family law firms, in a manner 

that identifies patterns of multivariate relationships. The LPA groups indicate that those 

institutions have a greater probability of belonging in one group than another. 

Each model is evaluated by the following predictive fit indices: Akaike information 

criterion (AIC), Bayesian information criterion (BIC), sample-adjusted Bayesian information 

criterion (SABIC, (Sclove, 1987), Vuong-Lo-Mendell_Rubin Likelihood Ratio Test (LRT), and 

the Lo-Mendell Rubin Adjusted Test. 

The AIC, BIC, and SABIC are log-likelihood estimates which identify the least number 

of profiles which best fit the model and include the fewest parameters from among a set of non-

hierarchical models (L. Collins & Lanza, 2010; Kongsted & Nielsen, 2017). The LRT evaluates 

if adding another profile to the model would improve fit; an insignificant p-value indicates that 

a larger number of profiles is not significantly better than the identified model. The model with 

the best number of profiles has fit criteria which show the lowest log-likelihood ratio: AIC, 

BIC, and SABIC, and insignificant LRT p-values. Finally, face validity is examined by a 

proportional distribution between the identified profiles, and the reported probabilities of being 
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in a particular profile should be higher than 0.70 (Kongsted & Nielsen, 2017; Lubke & Muthén, 

2005). 

The model was identified according to the criteria established by Nylund et al (2007), 

beginning with a two-profile model, and iteratively adding profile groups while investigating 

agreement with statistical criteria and profile assignment probability. 

To test for concurrent validity, multivariate regression was completed to investigate 

whether institutional profile predicted research expenditure and the amount of income 

generated by licensure. Finally, the association with the 2015 Carnegie Classification of 

institutions was used to compare an accepted ranking of institutions according to research 

activity with the results of this study. 

Results 

Sample Description 

The sample includes 127 institutions among the United States (Table 14). An average 

sized institution has approximately 2100 faculty and a research budget of $187,000 per 100 

faculty. The average number of completed clinical trials is 37 and 25% of the institutions 

(n=11) uploaded in clinicaltrials.gov within 12 months. Institutions on average contributed 26 

publications that were cited in clinical practice guidelines published in 2014 and included in the 

AHRQ National Guideline Clearinghouse. Variables standardized per 100 faculty are presented 

in Table 14.  
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Table 14. Sample Description: n=127 institutions, all variables standardized by 100 

faculty 

  

Parameter Mean 

Standard 

Error 

(SE) Minimum Maximum 

Publications 
129.46 12.48 0.69 864.87 

Top 10 Citations 
24.40 3.28 0.05 250.97 

Patent Citations in FDA 

Approvals 0.01 0.002 0.00 0.16 

CPGs 
0.20 0.03 0.00 2.35 

Collaborations with Industry 
7.99 0.87 0.08 55.58 

Start-Ups 
0.21 0.03 0.00 2.64 

Clinical Trials with Results 
1.09 0.15 0.03 5.17 

Awarded Patents 
2.18 0.54 0.03 5.17 

Licenses Generating Income 
5.49 0.77 0.03 43.72 

  

Latent Profile Analysis 

These results indicate that three classes best fit this sample, based on the lowest 

resulting fit criteria (AIC =2282.437 , BIC = 90.52, SABIC =2270.34). The Vuong-Lo-Mendell 

Rubin Likelihood Ratio Test and the Lo-Mendell Rubin Adjusted Test were both insignificant 
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when three classes vs. two classes was tested (p = 0.07 and 0.08, respectively). This indicates 

that further division into additional classes would not significantly add to the model (Table 15). 

Table 15. Model Fit Information for Evaluation Information 

 One overall horizontal bar with 

“Number of Profiles” 

2 3 4 

Log-Likelihood H0 -1185.46 -1103.22 -1032.77 

AIC 2426.92 2282.437 2161.55 

BIC 2506.56 2390.52 2298.07 

SABIC 2418.01 2270.34 2146.27 

Entropy 0.905 0.928 0.937 

Vuong-Lo-Mendell Rubin LRT p value 0.0032 0.0786 0.1089 

Lo-Mendell-Rubin Adjusted LRT p 

value 

0.0035 0.0825 0.1137 

There were 34 (16%) institutions in the first profile, 57 (45%) in the second, and 49 (38%) in 

the third profile. The estimated posterior probabilities for each profile were distributed in a 

valid manner with probabilities over 97% (Table 16). 
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Table 16. Average Latent Class Probability for most likely Latent Profile Membership 

(Row) 

  1 2 3 

1 n =47 (37%) 0.973 0.027 0.000 

2 n = 57 (45%) 0.021 0.976 0.002 

3 n = 23 (18%) 0.000 0.028 0.972 

Based on the means of each indicator per profile, three names were chosen: improving 

significant translation, significant translation, and very significant translation; indicator means 

per profile are presented in Table 17 and normalized means plotted in Figure 1. 

Table 17. Institutional Profile Means across each indicator, per 100 faculty 

  Improving 

Significant 

Translation 

Significant 

Translation 

Very Significant 

Translation 

Publications 50.23 109.97 339.70 

Top 10 Citations 6.29 17.98 77.33 

Patent Citations in FDA 

Approvals 

0.001 0.01 0.04 

CPGs 0.02 0.19 0.61 

Collaborations with Industry 2.40 6.59 22.85 

Start-Ups 0.08 0.21 0.46 

Clinical Trials with Results 0.61 0.96 2.05 

Awarded Patents 0.80 1.48 6.82 

Licenses Generating Income 2.9 4.60 11.85 
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 Figure 2. Plot of Latent Profiles by Estimated Indicator Means for each Institution 

 

Legend: Red =  Improving Significant Translation, Blue = Significant Translation, Green = 

Very Significant Translation  

To test concurrent validity, the Mantel-Haenszel test of trend was used to examine if a 

linear association existed between the 2015 Carnegie Classifications and the translational 

profiles. The Mantel-Haenszel test of trend showed a statistically significant linear association 

between the translation of research profile and the Carnegie Classification rankings, χ2(1)= 

26.69, p < 0.001, r = 0.492. Higher Carnegie ranks were associated with greater translation and 

vice versa.  Yet, of institutions who rank in the highest research activity group by the 2015 

Carnegie Classification, 27% were also ranked in the significant translation profile group, 54% 

in the moderate group, and 19% in the improving group (Figure 2).   

Figure 3. Scatterplot of Linear Trend 
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Multivariate regression was calculated to predict research expenditure and income 

generated from licensure, based on the LPA results (Figure 3.). The regression predicting 

research expenditure was significant (R2 = 0.372, p <0.000) and income generated from 

licensure ((R2 = 0.213, p = 0.001). The results of the multivariate regression analysis 

demonstrate that a one unit change from profile 1 to profile 2 results in an increase of $356,000 

in the predicted research expenditure, but was not a significant predictor in income generated 

from licensure. Holding all other variables constant, a one unit change to profile 3 significantly 

increased research expenditure by $669,000 and $497,000 in income generated from licensure. 

The relationship between outcomes were not significant. 
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Figure 4. Multivariate Regression Model: β estimates and standard errors 

 

Discussion 

These profiles of translational research among academic institutions exemplifies how 

the societal benefit of academic research can be used to profile universities through the 

hypothesized multidimensional indicators. This offers institutions and other research 

stakeholders institution specific indicators which can be used to evaluate the translation of 

research into health practice. The profiles resulting from this analysis significantly predicted 

increases in research expenditure and income generated from licensure with an increase in 

profile. 

The profiles identified by this study offer a comparison method for institutions to 

examine the translation of their research into clinical practice and the economy. While other 

translational research indices have been proposed, the results of this study are able to provide a 

quantifiable model. Seventy-two theoretical indicators were proposed by Dembe, Lynch, Gugiu 

and Jackson (Dembe, Lynch, Gugiu, & Jackson, 2014) for the Translational Research Impact 

Scale, after a literature review and convening an expert panel. Three domains were proposed: 

X5 = Profile 2 v 1 

X6 = Profile 3 v 1 

Y1 = Research 

Expenditure ($M) 

Y2= Income 

Generated from 

Licensure ($M) 
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research-related impacts, translational impacts, and societal impacts, with nine subdomains. The 

accompanying indicators provide a broad metric for evaluating research, however, there are not 

specific metrics or data sources associated with the indicators. The Translational Science 

Benefits Model used a case study design to examine research translation across their model 

(Luke et al., 2018).  Our latent profile indicators mapped onto the resources domain (faculty), 

the scientific activities domain (funding), the scientific output and translational science 

outcomes domain (publication, citations, and clinical trials) and the health and societal benefits 

domain, which includes economic benefits (commercial products). These models provide a 

framework for evaluating translation of research, but do not have accompanying measurable 

indicators for each proposed domain. The latent profile indicators used in our paper were used 

to operationalize the measures for representing each domain through the use of publicly 

available data profile the level of research translation for each academic institution. 

Latent profile analysis has been used to determine groups, or profiles, of individuals’ 

physical activity in neighborhoods (Todd et al., 2016) and the physical environment in health 

and behavioral research (Jones & Huh, 2014). The academic institution, rather than the person 

or subject, is a unique application of this statistical analysis method, which has significant 

utility when investigating research productivity and meaningful translation through 

hypothesized profiles. 

A university may excessively rely on the number of patents or publications when 

measuring productivity and translation of research. Recent commentaries and research highlight 

that scientists are incentivized to increase quantity rather than quality (Abbott et al., 2010; 

Bonnell, 2016; Horton, 2015; Smaldino & McElreath, 2016).  Increasing the number of 

publications or patents, may be easily manipulated to increase productivity metrics without 
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actually increasing contribution to science and society (Heinrich & Marschke, 2010). Singular 

indicators such as publications or patents may not operationalize quality innovative research 

output, therefore profiles of indicators more accurately capture the varying characteristics of 

both quantity and quality of translational research by higher academic institutions. 

There are limits to the interpretation of this study. Some institutions do not focus their 

research outcomes on those which may benefit health. Therefore, expected high research 

contributors are not profiled among the higher categories. Data was non-parametric and had to 

be transformed for normality, which may have introduced bias. While the effect is hypothesized 

to have significant impacts on outcomes, the variety of institutions in each category indicate 

that their influence may be less than previously thought. Future research can evaluate the direct 

effects of size and expenditures on both the latent classes and factors reported in this study. 

The profiles identified in this study may not provide benchmarks for institutions to improve the 

translation of innovative research as they are based on a cross-sectional sample. Instead, focus 

on the indicators identified as significant by the latent factors will increase institutional research 

contribution to societal benefit and consequently it is expected that increases among classes will 

result. Although variables were standardized by 100 faculty, larger institutions tend to have a 

larger gross productivity. Models which account for the influence of size dependent covariates 

will continue to further define a true model of the translation of innovative research. 

Institutions use rankings such as the Carnegie Classification to compare their research 

activity across similar institutions, and to evaluate efforts to improve research productivity. 

While our profiles are linearly associated with the Carnegie Classification, the correlation 

between the two ranks was marginally strong. This may indicate that a strong research 

environment produces innovative research which is translatable, but research translation occurs 
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across a variety of research environments. Diverse opportunities for translation, through public 

health and financial resources, are well described by this model. It is our belief that a successful 

research institution should be able to identify translation of its research across several factors. 

Stakeholders should examine the diversity of their research translation to identify areas for 

improvement. 

The contribution of research to improved health is the most difficult to quantify and no 

other institutional research evaluations includes indicators based on this factor. In most analysis 

of university research productivity, the focus is heavily weighted on publication and citation 

indices (Aguillo et al., 2010; Dill & Soo, 2005; Vernon et al., 2018). The results of this study 

indicate that broader categories of evaluation provide a more comprehensive picture of an 

institution’s research translation positively impacting society. It is incumbent on research 

administrators, funding agencies, and peer reviewers to ensure that the criteria for institutional 

research validly represents a comprehensive contribution to society. 
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IV. DISCUSSION 

 There is a need for a credible quality improvement movement in research. New 

measures which are useful for institutions to evaluate and improve performance and societal 

value. In this study, the wellness and public health impact of research are considered without a 

limitation to life sciences relevance. The history of many Nobel Prize-winning discoveries in 

physics and chemistry provides abundant illustrations of how major findings have short-term 

and long-term relevance to health care and effects. An emphasis on quality over quantity 

affirms research performance improvement initiatives and outcomes, which benefit society 

through scientific discovery, economic outcomes, and public health impact. 

The validity and suitability of ranking systems for research performance improvement 

were evaluated as a first step. This provided a review of the current state of research evaluation 

systems utilizing publicly available data. This systematic review identified the typical metrics 

used to compare and rank institutions, and those rankings which might be applicable for use in 

evaluating research translation and societal impact.  

The hypothesis was confirmed - due to inconsistent and variable methodologies, 

university rankings are largely useless for quality improvement efforts, and consequently, do 

not address societal impact or translation of research. Yet, these rankings have significant 

impacts on institutional strategic planning, reputation among peers and students, and 

attractiveness in extramural funding (Castro & Tomas-Folch, 2015; Saisana et al., 2011). 

Current university research evaluation systems rarely consider patents, IP disclosures, scientific 

models, or the promotion of innovation culture. This limits the scope of the analysis to either 

publication-focused or the IP–focused, but not both. As a result, we recommended three ranking 
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systems which could be used in tandem: the Leiden Ranking, the Thomson Reuters Most 

Innovative Universities, and the SciMago ranking. 

University rankings tend to focus on bibliometric sources which are biased towards 

English language journals and are therefore not comprehensive or fully accurate. Peer 

reputation surveys are not published, nor is the data made available, and bias towards larger 

more well-known institutions may be inevitable. In addition, measures such as the number of 

Nobel Prize winners could be considered “luxury” indicators, accessible to elite universities but 

are out of reach and un-motivating for most other universities.  Clearly, there is a need for 

improvement in ranking methodologies. Applying organizational management principles may 

improve the validity and reliability of university ranking systems and assist with appropriate 

indicator choices.  

To further develop meaningful research indicators, we developed seven 

recommendations. These provide the foundation for a multidimensional framework of research 

evaluation. Indicators should be outcome-oriented, transparent, benchmarked, standardized, 

consistent, motivational, and have a limited shelf life to avoid bias. 

Three outcome factors contributing to societal benefit and accompanying variables were 

proposed. They include: scientific impact (patent awards, publications, citations, IP 

disclosures), public health impact (ClinicalTrials.gov registrations, clinical trials with results, 

citations/authorship of Clinical Practice Guidelines), and economic impact (active licenses, 

start-ups, industry collaborations and licensing income).  These proposed indicators meet the 

proposed recommendations and encompass societal contributions.  To account for the bias often 

experienced when comparing institutions, all variables in this study were standardized per 100 
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faculty. This allowed for an “apples to apples” comparison, and ensured equity when 

comparing our results to other ranking systems in future studies.  

The three dimensional approach proposed by this study encompasses the areas well 

evaluated in current university evaluation systems (primarily rankings): publications, citations, 

and includes measures of collaboration, economic translation of intellectual property, and 

impacts on health. As we have previously pointed out, the public prefers and expects research 

to have a health-related impact  (Miller et al., 2013; Pollitt et al., 2016). The dimension 

focusing on health has not been regularly included when investigating university research 

impact. Equating its importance to economics and scientific knowledge emphasizes the societal 

benefit that research can have. 

Value to society and the actual progress of science cannot be fully captured by any of 

the traditional indicators, recognized as common indicators of university ranking 

methodologies. The importance of contributing new knowledge and explanations of the world 

often drives scientists in their pursuit of innovative research. Often funded by government, and 

thus tax payer, a broad value of research is expected from society. Development of 

breakthroughs for the treatment and prevention of disease are paramount, in tandem with 

expanding economic opportunities. Vaccines which have almost eliminated common childhood 

disease are one example of university and government research translating into practice. 

Exportation of broadly successful discoveries is hoped to positively affect society on a global 

level as well.  

Clinical trial quality is influenced by the research culture of institutions. Two proposed 

indicators focused on the availability and quality of clinical trials’ planning and execution. The 

academic research institution has a unique pathway between the patients who participate in 
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trials, and the stakeholders that fund their exploration – both government and industry. Clinical 

trials make up the foundation for numerous clinical practice guidelines, FDA approvals for 

device and drugs, and innovative methods to address health on an individual and on a societal 

level.   

Research funded by government agencies and completed by universities has a 

responsibility to be meaningful, quality work. The finding that trials funded by the 

NIH/government sources scored significantly higher on overall quality score, supports this 

understanding. However, the lack of quality achievement across the indicators highlights the 

need for significant improvement. 

The data publicly available from clinical trials repositories is useful for evaluation of 

university research. Previously defined metrics for the evaluation of clinical trial research 

quality do not currently extended beyond randomized control trials. The planning and execution 

scores created by this work not only integrate CONSORT reporting guidelines, but also 

integrate commonly accepted indicators of clinical trial quality. These include recruitment rate, 

retention rate, gender equality, withdrawn/terminated status without a medical or safety 

explanation, and whether results were uploaded  (S. P. Phillips & Hamberg, 2016; Polit & 

Hungler, 1995). While this study only applied these indicators to intervention studies, they 

could very easily be applied to observational studies as well.  Observational studies are not 

required to upload their results – however, the mechanism to do so is available.  

Clinical trials by universities have issues of quality in both planning and execution. 

Improvement over time was demonstrated in the planning indicators, but less so among 

execution. A significant portion of intervention studies, over 85% in this sample, did not have 

results uploaded. Previous research has estimated on time reporting of results to be between 
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12% - 22% ; results are expected to uploaded within one year of study completion window 

under certain conditions  (Kuehn, 2012; Prayle et al., 2012; Saito & Gill, 2014). This lack of 

sharing unnecessarily impedes future research design efforts and may negatively impact clinical 

practice guideline development. 

The proposed indicators for the three-dimensions were successfully utilized to develop 

the structural equation model. Relationships and validity were also explored through 

multivariate regression. This model of the translation of innovative research exemplifies how 

the societal benefit of academic research can quantified. In this sample, two of the hypothesized 

latent factors were confirmed: contributions to public health, and financial resources. Though 

not reported in the manuscript, industry collaboration and the planning and execution quality 

scores were also tested as indicators in the model. They did not meet criteria to be included as 

significant predictors of our latent factors. 

 The greatest contribution of this study is the discovery of the public health latent factor 

significantly predicting patent citations in FDA approvals, clinical trial completions with 

uploaded results and contributions to clinical practice guidelines. This offers institutions and 

other research stakeholders institution specific indicators which can be used to evaluate the 

translation of research into health practice.  

Clinical trials quality scores and latent profile analysis identified institutions with high 

quality translation of innovative research. Comparison with the Carnegie Classification 

highlighted similarities and significant differences. All institutions in the quality analysis were 

ranked in the higher and highest research activity categories by the Carnegie Classification. 

This may indicate that only institutions with a significant research focus conduct clinical trials 

in the United States. In addition, these results demonstrate that quality research results from 
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generally productive research environments. The latent profiles in this study were linearly 

associated with the Carnegie Classification, the correlation between the two ranks was 

marginally strong. This may indicate that a strong research environment produces innovative 

research which is translatable, but research translation occurs across a variety of research 

environments. Institutions use rankings such as the Carnegie Classification to compare their 

research activity across similar institutions, and to evaluate efforts to improve research 

productivity. The addition of the latent profile analysis and supported health indicators should 

be included by institution stakeholders in evaluations. 

There are limits to the interpretation of these studies. The contribution to public health 

through clinical trials and contributions to clinical practice guidelines has not been previously 

evaluated. Other indicators may be better predicted by the latent factors. All values were self-

reported by the institutions and inaccuracies may exist. Other indicators of quality, including 

the appropriateness of statistical analysis for the study design, may also be significant 

indicators. However, institutions can use the indicators we have identified to improve the 

reporting and conduct of study results. Some institutions do not focus their research outcomes 

on those which may benefit health. Therefore, expected high research contributors are not 

classified among the higher categories. Data was non-parametric and had to be transformed for 

normality, which may have introduced bias. Also, the effects of research expenditure were not 

included in this analysis. While the effect is hypothesized to have significant impacts on 

outcomes, the variety of institutions in each category indicate that their influence may be less 

than previously thought.  

The contribution of research to improved health is the most difficult impact to quantify 

and no other institutional research evaluations includes indicators based on this factor. In most 
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analysis of university research productivity, the focus is heavily weighted on publication and 

citation indices (Aguillo et al., 2010; Dill & Soo, 2005; Vernon et al., 2018). Diverse 

opportunities for translation, through public health and financial resources, are well described 

by this model. It is our belief that a successful research institution should be able to identify 

translation of its research across several factors. Stakeholders should examine the diversity of 

their research translation to identify areas for improvement. 

The results of this study indicate that broader categories of evaluation provide a more 

comprehensive picture of an institution’s research translation positively impacting society. 

Future research should investigate if university profiles improve according to the life sciences 

patents of each university, with a focus on the biomedical and life sciences faculties, including 

the medical school, in each university. Additionally, the creation of an accessible and 

individualized university profile upon request would enable a more in depth analysis of these 

indicators, and the specific university environment inputs and processes that may benefit from 

quality improvement. It is incumbent on research administrators, funding agencies, and peer 

reviewers to ensure that the criteria for institutional research validly represents a comprehensive 

contribution to society.  
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V. SUMMARY.  

 It appears to be timely and appropriate to rethink the opportunities for quality and 

performance improvement in the research enterprise. Considering the large ratio of non-

reproducible research, inconsequential publications and also the increasing societal pressure to 

demonstrate value, a broader and more practical measurement strategy, such as the balanced 

multidimensional system proposed here, can be expected to better support improvement and 

attract public trust in research. 

Current indicators are inadequate to accurately evaluate research outcomes and should 

be supplemented and expanded to meet standardized criteria.  We suggest that future research 

evaluate three dimensions of research outcomes: scientific impact, public health impact, and 

economic impact for evaluating research performance within an academic institutional 

environment. 
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APPENDIX B: Indicator Manual from “A 

multidimensional system for identifying scientific output” 
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Methods for calculating ratios: 

The size-independent indicators were obtained by dividing the size-dependent indicator 

with faculty count statistics retrieved from the IPEDS database, making universities of 

different size at least approximately comparable.  

For other countries, comparable alternative data sources could be used. In a European 

context, the IPEDS university’s faculty count, for example, might be replaced by the 

ETER database (https://www.eter-project.com/).   

 

Indicator 

Total Faculty 

 

Definition 

The number of full-time faculty  

 

Calculation 

The total number of full time faculty was downloaded from the Integrated Postsecondary 

Education Data System (IPEDS), for each institution (https://nces.ed.gov/ipeds/). Faculty 

who were designated as full time instructional faculty for the Fall 2011 - Fall 2015 school 

years were included for each institution. Annual average is presented and used in 

calculating ratios. Due to changes in the IPEDS strategy for collection of faculty data, it 

was not possible to separate faculty into instructional, research, or service focused 

positions. Therefore, the criteria to include all instructional faculty was used to create this 

variable. 

These annual averages were then used to calculate a per 100 faculty ratio, which is reported 

for each indicator. 

  

https://na01.safelinks.protection.outlook.com/?url=https%3A%2F%2Fwww.eter-project.com%2F&data=02%7C01%7CMVERNON%40augusta.edu%7C30598b6ec8834ae867f508d4ab94c4a2%7C8783ac6bd05b4292b483e65f1fdfee91%7C0%7C0%7C636322102830080022&sdata=9avrc5ubnR2h7LBzqFNj6k9EJ%2BX8XXwD%2BDiLnjboP%2Bo%3D&reserved=0
https://nces.ed.gov/ipeds/
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Indicator 

Publications 

 

Definition 

Number of publications of a university. 

 

Calculation 

For each university, we counted the number of publications in the period 2011–2015 

indexed in the Web of Science database (Science Citation Index Expanded, Social Sciences 

Citation Index, and Arts & Humanities Citation Index) and authored by the university. 

Only publications classified as article or review in the Web of Science database were taken 

into account. To identify the publications authored by a university, the methodology of the 

CWTS Leiden Ranking was used. Information about this methodology is available at 

www.leidenranking.com/information/universities.  

http://www.leidenranking.com/information/universities
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Indicator 

Citations 

 

Definition 

Number of highly cited publications of a university. 

 

Calculation 

For each university, we counted the number of highly cited publications in the period 2011–

2015 indexed in the Web of Science database (Science Citation Index Expanded, Social 

Sciences Citation Index, and Arts & Humanities Citation Index) and authored by the 

university. Only publications classified as article or review in the Web of Science database 

were taken into account. A publication was classified as highly cited if the publication 

belongs to the top 10% most frequently cited publications in its scientific field and 

publication year.1 Author self-citations were not taken into account. About 4,000 scientific 

fields were distinguished. These fields were defined using the methodology of the CWTS 

Leiden Ranking. Information about this methodology is available at 

www.leidenranking.com/information/fields.2 The methodology of the CWTS Leiden 

Ranking was also used to identify the publications authored by a university, following the 

approach explained at www.leidenranking.com/information/universities.  

                                                           
1 For a more detailed discussion of the approach that was taken to count highly cited publications, please 
see: Waltman, L., & Schreiber, M. (2013). On the calculation of percentile-based bibliometric indicators. 
Journal of the American Society for Information Science and Technology, 64(2), 372–379. 
2 For a more detailed discussion of the methodology for defining fields and of the use of the fields obtained 
using this methodology in the calculation of citation-based indicators, please see: Ruiz-Castillo, J., & 
Waltman, L. (2015). Field-normalized citation impact indicators using algorithmically constructed 
classification systems of science. Journal of Informetrics, 9(1), 102–117. 

http://www.leidenranking.com/information/fields
http://www.leidenranking.com/information/universities
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Indicator 

Competitive federal research grants received 

 

Definition 

Total dollars of research and development expenditures per fiscal year 

 

Calculation 

The National Science Foundation (NSF) annually collects R&D expenditure information 

from institutions in the United States through the Higher Education Research and 

Development Survey. The survey collects information by field of research and source of 

funds; institutions included expend at least $150,000 in budgeted R&D each fiscal year. 

Total R&D funds were downloaded from the HERD 

(https://www.nsf.gov/statistics/srvyherd/), using Table 16 Institutions rankings by FY 

2015 R&D expenditures: FYs 2006-2015. For each university, we averaged R&D from 

FYs 2011-2015 and used this figure to calculate the ratio with faculty.  

https://www.nsf.gov/statistics/srvyherd/
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Indicator 

Completed Clinical Trials 

 

Definition 

Total Clinical Trials registered and completed on clinicaltrials.gov 

 

Calculation 

All clinical trials conducted in the United States are required by law to registered on 

clinicaltrials.gov. Once a trial has ended, results of the trial are required to be uploaded 

within 12 months. Between November 2015 and January 2016, all registered clinical 

trials were downloaded for each institution. The total number of clinical trials listed as 

completed between January 1, 2011 and December 31, 2015 were then extracted, and an 

annual average calculated. 
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Indicator 

Contributions to products approved by the US Food and Drug Administration 

 

Definition 

Number of publications of a university cited in patents protecting drug products approved 

by the US Food and Drug Administration. 

 

Calculation 

Approved Drug Products with Therapeutic Equivalence Evaluations, commonly known as 

the Orange Book, identifies drug products approved on the basis of safety and effectiveness 

by the US Food and Drug Administration under the Federal Food, Drug, and Cosmetic Act 

and related patent and exclusivity information 

(www.fda.gov/drugs/informationondrugs/ucm129662.htm). Using the Orange Book, a list 

of 2,943 new drug applications in the period 2011–2015 was obtained.3 Based on these 

drug applications, we identified all 5,717 application products and the patents protecting 

these products. These are patents granted by the US Patent and Trademark Office. Patents 

may relate to multiple drug applications and multiple application products. 1,802 unique 

patent numbers were obtained.4 

Of the 1,802 patent numbers, 1,616 were identified in the Spring 2016 version of 

PATSTAT. For each of these patent numbers, we identified the corresponding patent 

family.5 This resulted in 912 patent families. We analyzed the citations given by members 

of these 912 patent families6 to publications in the period 2006–2015 indexed in the Web 

of Science database (Science Citation Index Expanded, Social Sciences Citation Index, and 

Arts & Humanities Citation Index). For each university, we counted the number of 

publications authored by the university and cited by at least one of the 912 patent families. 

Publications of all Web of Science document types were taken into account. To identify 

the publications authored by a university, the methodology of the CWTS Leiden Ranking 

was used. Information about this methodology is available at 

www.leidenranking.com/information/universities.  

                                                           
3 Each strength within the same drug application is considered a different product in the Orange Book. 
Products within the same drug application may be approved in different years. We took into account only 
drug applications for which the earliest approved product falls in the period 2011–2015. 
4 These 1,802 patent numbers relate to 395 of the 2,943 drug applications, through any of their product 
applications. Hence, for 2,548 (86.5%) drug applications included in our analysis, the version of the Orange 
Book that we use (downloaded in February 2017) does not provide information about patents protecting 
their products. 
5 There are several definitions of a patent family. We used the simple patent family definition in which all 
patents having the same priority or combination of priorities are considered members of the same family. 
6 This means that we took into account not only the patents listed in the Orange Book, but also other patents 
related to the same invention, even if these patents were applied via a patent authority other than the US 
Patent and Trademark Office. 

http://www.fda.gov/drugs/informationondrugs/ucm129662.htm
http://www.leidenranking.com/information/universities
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Indicator 

Contributions to clinical practice guidelines 

 

Definition 

Number of publications of a university cited in US clinical practice guidelines. 

 

Calculation 

A list of 142 US clinical practice guidelines was obtained from the AHRQ National 

Guideline Clearinghouse (https://www.guideline.gov/)  (downloaded on February 14, 

2017). Inclusion criteria included publication in 2014, and adherence to the 2013 NGS 

Inclusion Criteria. Of these 142 guidelines, 100 could be identified in the Web of Science 

database (Science Citation Index Expanded, Social Sciences Citation Index, and Arts & 

Humanities Citation Index). We analyzed the citations given by these 100 guidelines to 

publications in the period 2006–2015 indexed in the Web of Science database. For each 

university, we counted the number of publications authored by the university and cited by 

at least one of the 100 guidelines. Publications of all Web of Science document types were 

taken into account. To identify the publications authored by a university, the methodology 

of the CWTS Leiden Ranking was used. Information about this methodology is available 

at www.leidenranking.com/information/universities.  

http://www.leidenranking.com/information/universities
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Indicator 

Joint publications with industry 

 

Definition 

Number of publications of a university co-authored with an industrial partner. 

 

Calculation 

For each university, we counted the number of publications in the period 2011–2015 

indexed in the Web of Science database (Science Citation Index Expanded, Social Sciences 

Citation Index, and Arts & Humanities Citation Index) and co-authored by the university 

and one or more industrial organizations. Only publications classified as article or review 

in the Web of Science database were taken into account. All private sector for profit 

business enterprises, covering all manufacturing and services sectors, were regarded as 

industrial organizations. This includes research institutes and other corporate R&D 

laboratories that are fully funded or owned by for profit business 

enterprises.  Organizations in the private education sector and private medical/health sector 

(including hospitals and clinics) were not classified as industrial organizations. To identify 

the publications authored by a university, the methodology of the CWTS Leiden Ranking 

was used. Information about this methodology is available at 

www.leidenranking.com/information/universities. 

  

http://www.leidenranking.com/information/universities
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Indicator 

Start-Up Companies 

 

Definition 

Number of start-up companies formed.  

 

Calculation 

The Association of University Technology Managers (AUTM) annually conducts a 

national Licensing Activity Survey, to which US universities report intellectual property 

(IP) licensure and activity.  We purchased access to the AUTM Statistics Access for Tech 

Transfer (STATT) to extract licensing activity from the 2011-2015 Licensing Activity 

Surveys (http://www.autm.net/resources-surveys/research-reports-databases/licensing-

surveys/).  

Start-up companies are the number of private business ventures started by the institution 

resulting from intellectual property disclosures. The number of start-up companies formed 

by each institution was downloaded and an annual average calculated for 2011- 2015.  

  

http://www.autm.net/resources-surveys/research-reports-databases/licensing-surveys/
http://www.autm.net/resources-surveys/research-reports-databases/licensing-surveys/
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Indicator 

Gross-Licensing Income 

 

Definition 

Total gross income ($) received by an institution from the licensing of protected IP. 

 

Calculation 

Gross Licensing Income is the amount of money an institution receives from the licensure 

of institution IP from external organizations. This may be for the right to use patented 

processes or devices, material transfer agreements, or trade secrets. For each institution, 

this variable was extracted from the 2011- 2015 AUTM Licensing Activity Survey 

(http://www.autm.net/resources-surveys/research-reports-databases/licensing-surveys/).  

An annual average was then calculated. 

 

  

http://www.autm.net/resources-surveys/research-reports-databases/licensing-surveys/
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APPENDIX C: Non-Affiliated Author Attestations 
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APPENDIX D: Supplementary Data Files * 
 

Manuscript Data File (.xls) Brief Description 

“A multidimensional 

system for identifying 

scientific output” 

Multidimensional Indicators 

dataset.xls 

9 hypothesized indicators 

for 128 universities, 2011-

2015 

“Institutional quality 

variations in conducting 

clinical trials”  

EligibleSample6.27.2018.xls All clinical trials associated 

with 167 universities, 

2000-2016 

“Institutional quality 

variations in conducting 

clinical trials”  

InstitutionalCharacteristics.xls Institutional averages of 

quality indicators and 

institutional characteristics 

for 73 universities, 2011-

2015 

“Use of Latent Profile 

Analysis to Model the 

Translation of University 

Research: Exploration of 

Proposed Metrics” 

Multidimensional Indicators 

LPA.xls 

Dataset of the final 9 

hypothesized indicators,  

for 127 institutions, 2011-

2015 

 

* Some data is proprietary and is not publicly available from the datasets. Please contact 

Marlo Vernon for additional information. 


