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To create opportunities for meaningful applications of data-science for diverse students, we 

developed and implemented an online learning module focused on engaging students at a 

Hispanic Serving Institution (HSI) in an analysis of authentic soil data. Development of the 

module occurred over three design iterations involving interviews with 10 undergraduate STEM 

students. We then implemented the finalized module in three undergraduate microbiology 

classrooms (N=118) using a pretest, posttest, comparison group quasi-experimental study 

design. Findings revealed that, after adjusting for key variables, the intervention group 

demonstrated significantly greater microbiology knowledge than the comparison group. Path 

analyses revealed indirect effects of the intervention through value and interest in STEM.  

In today’s world, data is ubiquitous and data literacy is essential across industries (Börner et 

al., 2019). However, traditional data science courses are not meeting students’ needs (Baumer, 

2015), and racial diversity in STEM is lacking (Cruz et al., 2018; Fry et al., 2021; NSF, 2015). 

This project aimed to enhance STEM learning among Hispanic students by leveraging their 

cultural resources (Gonzalez et al., 1995; Wilson-Lopez et al., 2016). We developed an online 

module on soil microbiology, utilizing data science tools to engage students at a Hispanic 

Serving Institution (HSI) and assess their impact on STEM learning and motivation.    

 

Theoretical Framework 

To frame how data visualizations can support science learning for Hispanic students, we 

integrate theories of Conceptual Change, Data Visualization Literacy, and Expectancy Value. 

Conceptual change theory posits that presenting people with novel information can shift their 

conceptions about science topics to be more aligned with the scientific consensus (Dole & 

Sinatra, 1998). For example, the Plausibility Judgments for Conceptual Change model (PJCC; 

Lombardi et al., 2016) suggests that people process information better if it is comprehensible, 

coherent with prior experiences, compelling, relevant, and stems from credible sources. People 

then judge the plausibility of associated claims and restructure knowledge as a result. Plausibility 

judgments involve more explicit processing depending on learners’ motivation, engagement, and 

emotion, which then predicts the likelihood that conceptual change will occur.  

The Expectancy Value Theory (EVT) helps frame motivational factors, and proposes that it is 

driven by learners’ expectancy for success and task value (Eccles et al., 1983; Wigfield et al., 

2017). According to EVT, there are four different types of task value: intrinsic value is when a 

learner values a task because they find the activity enjoyable for its own sake, attainment value is 

perceived personal importance of a task as it relates to one’s identity, utility value refers to 

perceptions that a task may be useful to a learner to achieve their present or future goals, and cost 

is the extent of time and effort that is perceived to complete a task. Utility value interventions— 

especially those that are personal and relevant to students—can significantly enhance value, 

interest, and learning, particularly for underrepresented students (Harackiewicz et al., 2016). 

The Data Visualization Literacy framework (DVL-FW; Börner et al., 2019) suggests that data 
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visualizations can help ground abstract concepts. Accordingly, a central process required to 

interpret data from visualizations is translating relevant problems of interest into problems of 

data. As such, our project aimed to leverage students’ knowledge to contextualize data.  

We synthesized these theories in a process model (see Figure 1) to inform our intervention 

development and that we also tested using path model analyses. The model predicts that an 

intervention intended to expose students to compelling and comprehensible microbiology data 

would trigger motivational processes (i.e., improve utility value, expectancy, attainment value, 

and reduced cost), which would activate mechanism variables (student interest and engagement), 

which would predict increased learning outcomes (i.e., microbiology knowledge). Furthermore, 

we sought to facilitate change by centering learning around compelling topics that students found 

relevant, and supporting data literacy to improve data comprehensibility.  

 

Figure 1. Intervention Logic Model of Conceptual Change, Motivation, and Data Literacy 

 
 

To test this theoretical model, we designed and tested an interdisciplinary learning experience 

for undergraduate students at an HSI. We addressed the following research questions:  

● RQ1. How can a learning intervention be developed to leverage undergraduate students’ 

motivation for the learning of soil microbiology and data literacy skills?  

● RQ2. To what extent will such an intervention support students’ microbiology 

knowledge, data literacy skills, engagement, interest, and task value in STEM? 

● RQ3. Will the hypothesized relationships between task value processes and achievement 

outcomes be mediated by mechanisms of interest and engagement? (See Figure 1) 

This project addressed these research questions through two studies. The first was a 

formative study focused on creating an online module and the second was a comparative study 

testing the effectiveness of this intervention using quasi-experimental research.  

 

Study 1: A Design-Based Research Study 

To answer the first research question, we used a design-based research (DBR) approach to 

guide the development and revision of an interactive online intervention (Hoadley & Campos, 

2022) on soil microbiology. The re-design, implementation, and revisions occurred over several 

iterations, resulting in an open-source module for undergraduate microbiology students. The 

module introduces students to the Tiny Earth Initiative (Hurley et al., 2021), which focuses on 

identifying new antibiotics in soil. It includes information on the antibiotic resistance crisis, 

microbial ecology, data visualization tools, and interpretation of soil data visualizations. 
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We conducted 10 recorded cognitive interviews (Desimone & Le Floch, 2004) via Zoom 

with a convenience sample of undergraduate students at an HSI in Summer and Fall 2023. 

Students self-identified as Female (70%), Male (20%), Nonbinary (10%), Hispanic (50%), White 

(40%), Black (10%), Asian (20%), and English Learners (30%). Interviews focused on student 

feedback to guide revisions of the module and surveys. Zoom recordings were transcribed and 

open-coded (Corbin & Strauss, 1990) to examine student engagement and learning.  

RQ1 Results: A Module for Soil Microbiology Data Exploration. Revisions focused on 

improving interactivity, engagement, visual appeal, and ease of data and text interpretation, 

especially for English learners. The finalized intervention and surveys can be accessed using this 

link: https://www.softchalkcloud.com/lesson/serve/34E2zGcmQxaWZl/html. Ultimately, this 

version of the module was used in the second phase of the study. 

 

Study 2: A Quasi-Experimental Study Testing Effects of the Design 

To answer the second research question, we recruited 118 undergraduate students from an 

HSI in a southern U.S. state. Students reported their year of study (1% first year, 13% second 

year, 38% third year, 38% fourth year, 10% other), gender (76% Female, 21% Male, 1.7% 

Nonbinary, 1.7% prefer not to say), ethnicity (56% Hispanic), race (1% American Indian/Alaska 

Native, 13% Asian, 6% Black/African-American, 10% Two or more races, 58% 

White/Caucasian, 11% Other race), and whether they were enrolled in a STEM major (78% 

STEM major, 15% not STEM, 3% plan to enroll in a STEM major, 4% Other). 

The intervention group consisted of 101 students from two undergraduate microbiology 

courses and the comparison group consisted of 17 students from a separate course. All 

participants first completed a 12-item pretest questionnaire on microbiology knowledge and an 

item that captured students’ perceptions of the relevance of data science. 

After the pretest, learners either completed the module (treatment group) or continued with 

“business as usual” (comparison group). All participants then completed an identical post-test of 

microbiology knowledge and data literacy. Participants also completed a microbiology-specific 

interest scale (adapted from Hulleman et al., 2010), a Data-Science-specific interest scale 

(adapted from Hulleman et al., 2010), the Cognitive Engagement scale (Greene, 2015), and a 

Task Value scale (Kossovich et al., 2015). Internal reliability for all scales at pretest and posttest 

were judged using Cronbach’s alpha, and are reported in Table 1.  

 

Table 1. Descriptive Statistics By Condition and Intercorrelations Between Key Variables  

 
Note: *p < .05; **p < .01; ***p < .001 

https://www.softchalkcloud.com/lesson/serve/34E2zGcmQxaWZl/html
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We assessed if baseline measures differed by condition. Chi-Squared analyses showed 

gender, ethnicity, race, English speaking status, and STEM status were independent of condition 

(all p > .117). However, year of study (p < .001) and pretest knowledge (p < .001) were 

significantly lower in the control group. Thus, we included these as covariates in all analyses. 

Raw means, standard deviations by condition, and intercorrelations are in Table 1. 

RQ2 Results: Module Effects on Learning & Motivation. To assess the module's effects 

on knowledge, data literacy, engagement, interest, and value in STEM, we used multiple 

regression with robust standard errors. Predictors included the treatment condition, pre-test 

scores, and covariates. We predicted the module would improve outcomes due to greater 

comprehensibility, compellingness, and engaging information (Dole & Sinatra, 1998; Lombardi 

et al., 2016). Findings showed significant effects on posttest knowledge (β = 1.67, p < .001) and 

data science relevance before adjusting for pretest knowledge and year (β = .66, p = .012). The 

intervention promoted situated interest (β = 0.73, p = .014), value of science (β = 0.66, p = .029), 

and reduced perceptions of cost (β = -0.70, p = .013), but effects on initial interest and utility 

value were marginal. No significant moderation effects of gender or ethnicity interactions were 

found. A summary of the standardized regression coefficients, standard errors, and p-values for 

analyses can be found in the Supplemental Materials, Table S1 and Table S2.  

RQ3 Results: Path Analysis. We tested a model predicting process variables (utility value, 

expectancy, attainment value, cost), followed by mechanism variables (STEM interest), 

engagement (cognitive, affective), and academic outcomes (microbiology knowledge). Pretest 

knowledge and year of study were covariates. The model had satisfactory fit (RMSEA=.081, 

SRMR=.073, CFI=.982, TLI=.943, AIC=2209, Chi-Square=35, df=20; Hu & Bentler, 1999). 

Figure 3. Path Model with Significant Paths Shown  

 
Note. Only paths that are significant at the .05 level are shown, blue paths are used when coefficients are negative. 

All variables shown represent values at posttest. All coefficients represent standardized βs.  
Figure 3 shows the full path model with all coefficients. The intervention influenced 

motivation processes, significantly affecting reported utility value, attainment value, and cost. 

These motivational process variables were associated with mechanism variables: utility value 

was positively associated with situated interest, individual interest, and cognitive engagement; 

expectancy positively predicted situated interest, initial interest, cognitive and affective 

engagement; attainment value positively predicted situated and initial interest; cost negatively 

predicted situated interest. Of the mechanism variables only individual interest significantly 

predicted microbiology knowledge.  

 

Significance 

We aimed to develop and test an online learning module for microbiology students at an HSI 

to enhance STEM learning and motivation. Students using the module had greater posttest 

https://docs.google.com/document/d/1VhdcyDy35aIaZi3pJnIB-hYJosFC6ZB1mrZgYi0X1yo/edit?usp=sharing
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knowledge, perceived data-science relevance, science interest, situated interest, utility value, 

decreased perceptions of cost compared with a comparison group. Findings support prior 

research showing that interventions supporting perceptions of utility can enhance motivation and 

achievement in STEM. We also tested predictions by Hulleman and Harackiewicz (2021), 

finding that value perceptions significantly predicted psychological mechanisms, which 

predicted achievement outcomes. The intervention had marginally significant indirect effects on 

achievement through attainment value and individual interest, indicating that interest and 

engagement may be important mechanisms for expectancy and value.  

In summary, this study supports a long-term agenda focused on interdisciplinary STEM 

applications for Hispanic students, contributing to theory and practice by testing conceptual 

change models, exploring mathematical reasoning in science learning, and producing a shareable 

intervention for science instructors and the public. 
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