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ECR: Facilitating Change in Undergraduate STEM: A Multidisciplinary, 

Multimethod Metasynthesis Mapping a Decade of Growth 

 

Abstract 

The aim of this NSF ECR project is to perform an extensive multi-method metasynthesis of 

literature published between 2011 and 2023 on strategies for enhancing undergraduate STEM 

instruction. Specifically, we update the previous review and examine the change strategies 

implemented after a decade of research. We present an updated methodology with the innovative 

application of machine learning methods to select and analyze articles. From initially determined 

potentially relevant articles (n = 9,262) from keyword search, 253 articles were included after the 

title and abstract and full-text screening. Subsequently, we conducted both human qualitative 

coding and quantitative machine learning analyses to examine the themes of the included 

articles. Preliminary findings from the qualitatively coding showed that most articles 

implemented a dissemination change strategy focusing on telling or teaching individuals about 

new teaching practices; the predominant target for disseminating pedagogy was individual 

faculty and developing reflective teachers-focused strategies, whereas departments and 

institutions tended to be the target for developing a policy or a shared vision. Additionally, 

preliminary findings from the quantitative machine-learning clustering analyses showed 

groupings related to specific science disciplines (e.g. engineering, chemistry). Next steps of the 

project are discussed. 

 

Introduction 

 

The previous review requires an update and expansion to address both the progress made in 

the last decade and the current context of U.S. higher education and how new technologies can 

support systematic reviews. For example, the NASEM (2024)[1] suggests that more research is 

needed to understand how early STEM education innovations can be scaled and sustained so that 

students can succeed academically in STEM learning through early to postsecondary education. 

As such, given numerous educational reforms have occurred in the past decade, it is important to 

understand what change strategies have been employed in these reforms and analyze how these 

changes took place. The aim of the overall NSF ECR project is to perform an extensive multi-

method metasynthesis of literature published between 2011 and 2023 on strategies for enhancing 

undergraduate STEM instruction. Specifically, the project’s overarching research questions 

include:  

1. How have the change strategies published between 2010 and 2021 compared to those 

previously? Do the four categories stand up? Do the more recent change efforts work 

across or draw from multiple categories more than previous efforts? 

2. What broader categories are now seen in literature? Are there new approaches or 

categories of change? How have specific social, cultural matters shown up to change 

efforts in US STEM education, specifically, to what degree do change efforts attend to the 

COVID-19 pandemic and/or issues of diversity equity inclusion?  

3. How might machine learning (ML) approaches support and apply to systematic reviews 

of this kind? 

 



This project update will share progress toward these goals and research questions. We share 

updated methodological approaches, which include new screening criteria, an updated 

framework and rubrics for identifying both the approach to and quality of systemic change work, 

and the design and preliminary outcomes of machine learning approaches.   

 

Methods 

 

In metasyntheses, researchers systematically search, review, and integrate the research on 

a specific topic [2]. Here, we focus on undergraduate STEM instructional change empirical 

literature. However, rather than simply describe or summarize a body of literature, metasyntheses 

integrate findings from qualitative, quantitative, mixed method, and theoretical work to create 

new understandings of the field [3], [4]. For this metasythesis of the change literature, we 

followed the PRISMA 2020 systematic review guide [5]. 

 

Searching 

We identified key terms through integrating the search terms used in the original review 

[6], manual searches within STEM education journals, and feedback from a panel of systemic 

change, higher education, and systematic review researchers. As a result, we developed the 

following search queries: 1) change strategy query (e.g., “change” or “reform”); 2) instruction 

query (e.g., “teaching” or “instruction”); 3) undergraduate education query (e.g., “college” or 

“higher education”); and 4) STEM query (e.g., “STEM” or “physics”). We also used non-higher 

education (e.g., “high school” or “secondary”) and non-U.S. country terms (e.g., “Turkey” or 

“Spain”) to filter out irrelevant articles. We searched for relevant articles using these search 

queries in library databases, including Academic Search Complete, ERIC, Education Research 

Complete, EconLit, and Sciecne & Technology Collection. In this paper, we only report the 

searching results from library databases although we have other sources of data (e.g., Google 

Scholar), which will be reported after the project is done. As a result of the library databases, we 

identified 9,262 potentially relevant articles. 

 

Screening 

 

We established inclusion criteria to include peer-reviewed articles that describe a systemic 

change in undergraduate STEM education with the ultimate goal of changing the instructional 

practices of instructors and improving students’ STEM learning. Articles that met these criteria 

also needed to be written and published in English and the studies must have been conducted in 

the United States. As we target articles focusing on systemic change and scaling, we did not 

include articles that described a classroom intervention or curriculum development to change 

students’ non-academic outcomes (e.g., students’ wellbeing) nor intervention articles that did not 

discuss how to scale up the intervention components to other and wider contexts. The research 

team conducted multiple training sessions until the team reached a substantial agreement on 

judging articles for inclusion (Cohen’s Kappa = .72).  After the title and abstract and full-text 

screening stages, we identified 253 articles for coding.  

 

Human Qualitative Coding 

 



In the human qualitative coding process, four coders first coded a set of articles collectively and 

held multiple training sessions to reach a consensus. Coding categories include discipline of the 

journal, first author’s affiliation, funding mechanism, institution type, primary stated purpose, 

change strategy, target of change, and agent of change. While these coding categories are 

consistent with the original review[6], we also added categories to mark articles focusing on 

online instruction, COVID, technology, DEI, and adjunct faculty to identify new trends in the 

analyses. 

 

Quality Measures 

 

We also independently developed and applied a coding rubric that captured the quality of 

scholarship around systemic change in undergraduate STEM education as the “coding of study 

quality is essential”[7]. The core components of the rubric include relevance (i.e., to what degree 

the topic is related to systemic change), richness (i.e., connections to systemic change literature), 

and rigor (i.e., whether the data, analysis, and conclusions are connected to each other with 

systemic change).  

 

Machine Learning Approach 

 

In addition to human coding, we have employed Natural Language Processing (NLP) techniques 

in the analysis pipeline to assess the utility and efficacy of data science and machine learning 

methods in systematic literature reviews, particularly in information extraction [8], [9].  We used 

both traditional approaches such as Latent Dirichlet Allocation (LDA) [10] and approaches that 

leverage large language models (LLMs) and unsupervised clustering techniques [11], [12], [13]. 

It is important to note that the purpose of clustering is to identify patterns common across the 

entire corpus of data. Our goal of the machine learning approach is to validate the human 

qualitative coding and identify new themes that might not be discovered through qualitative 

coding. 

 

Results 

 

Qualitative Coding 

 

Preliminary findings from the qualitatively coded 100 articles showed that many articles (n = 45) 

implemented a dissemination change strategy focusing on telling or teaching individuals about 

new teaching practices versus the other strategies focusing on developing reflective teachers, 

policy, or shared vision; the predominant target for disseminating pedagogy was individual 

faculty- and developing reflective teachers-focused strategies, whereas departments and 

institutions tended to be the target for developing a policy or a shared vision. We also found that 

articles published in a science education research journal tended to focus on the dissemination 

strategy, whereas policy development articles tended to appear in higher education and other 

journals. 

 

Quality Measures 

 



We evaluated quality for a set of 50 randomly selected articles. Overall, we found that the bulk 

(60%) of the articles were highly relevant. However, less than half the articles were considered 

highly rich (connected to the literature) and similarly fewer were considered of high 

rigor. Additionally, we found that articles with high relevance tended to have high richness. We 

also observed that half of highly relevant articles were highly rigorous and only 10% low rigor. 

Low relevance articles papers were more likely to be of low rigor. Among the findings that these 

results suggest is that there are different paper types focusing on systemic and institutional 

change. Some papers are deeply focused on the scholarship and models of change, and these are 

more likely to be richly connected to the literature on change and provide compelling arguments 

(empirically or theoretically) about their claims. Another class of articles seems to be about 

issues or approaches that abut, but do not deeply focus on systemic change – articles such as 

describing a course reform or pieces that argue about the role of technologies in learning. 

 

Machine Learning Approach 

 

In our initial analysis, we found clusterings that were focused on different STEM disciplines (e.g. 

engineering, math, physics), even across a variety of parameter combinations tested. Based on 

the theory behind text embeddings, the initial results were not necessarily surprising; however, 

they were unhelpful in identifying instructional change strategies in the corpus of articles. Thus, 

we attempted to shift the focus of the model to the text that is relevant to an analysis focused on 

uncovering themes of institutional change in a variety of STEM domains. Repeating the NLP 

analysis pipeline, the resulting clusters focused on the change strategies that we sought, rather 

than the disciplines in which these strategies were implemented. Most notably, we noticed how 

the clustering on the dataset with the removed disciplinary words achieves topics from multiple 

disciplines with a focus on a specific change strategy. For example, we see articles situated in 

disciplines such as math, engineering, and biology be placed in a single cluster focused on equity 

and inclusion change strategies. This data shift speaks to the challenges of integrating NLP tasks 

in traditional human analysis techniques, especially in the information extraction stage of 

literature reviews. 
 

Conclusion & Discussion 

 

From these results, the systematic change literature continues to reflect a diversity of foci 

that take place across STEM fields. Compared to the previous synthesis[6], more research 

includes a theoretical framing regarding systemic change; indeed, many of the articles referenced 

the previous synthesis as a major framework for their change work. These findings also suggest 

more nuance regarding the success of their interventions. The results suggest that change 

research could improve; issues of quality abound in the literature and both authors and editors 

must work to ensure change research contains methodological rigor – specifically, data collection 

and analyses should focus on systemic change methods rather than anecdotal or descriptive data. 

The field should move beyond small-scale change as the only method of choice and engage in 

methodological diversity to facilitate more large-scale change. The ML results can help with 

categorizing, such as through identifying disciplinary clusters or broad strokes strategies, 

although without a deeper read of the articles, ML results cannot be used as the only source of 

themes.  



In Spring 2025, the human coding team will increase the sample size of articles and 

confirm the findings shared here, examine correlations between these quality codes and the 

change strategies used, and compare between these quality codes and the ML findings below. 

The next stages of the ML work include creating labels for these clusters using both human 

expert knowledge and NLP techniques, identifying other potential data cleaning ideas to 

strengthen the clustering results, and performing a similar analysis with the full text all of the 

included articles.  
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