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Summary of Completed Research and Remaining Activities

In Phase I, we proposed to enhance learner profiles through two sets of activities. In one set of activities,
we developed a SEL survey (SELfe Survey); collected cognitive (MindPrint Assessment), SEL, and math
achievement data from middle school students; and analyzed the data to validate the the SELfe Survey
and demonstrate that (1) cognitive factors alone could predict math outcomes better than the other
factors, and (2) SEL factors improved the predictability of math scores above and beyond cognitive
factors alone. Math achievement was measured by MAP Growth--a norm-referenced benchmark
achievement assessment. We also conducted experience sampling to understand how students’
self-report on the survey matched with their actual in-the-moment behaviors. Although we are still
analyzing the experience sampling data, our analyses have established the reliability and validity of the
SELfe Survey, confirmed the high predictability of math scores by the MindPrint Assessment, and
improved the predictability of math scores by including SEL factors.

In a second set of activities, we proposed to group students who have similar cognitive and SEL profiles
but who differ meaningfully in math achievement; use the groupings to generate recommendations for
math performance improvement (e.g., so that lower-performing students might benefit from the strategies
used by the higher-performing students with similar profiles); provide recommendations to students based
on their profiles; and collect teacher and student feedback on the recommended strategies. By grouping
students based on their profiles, we learned that those students with strong reasoning skills (i.e., verbal
and abstract reasoning on MindPrint) who had lower-than-expected math scores often also had lower
motivation (self-efficacy, outcome expectations, or value) to perform well in math. In other cases, other
cognitive factors (weaker executive functions, attention, or visual memory) were implicated in lower math
achievement, despite strong reasoning skills. Overall, we concluded that more sophisticated,
theory-based statistical modeling techniques (such as structural equation modeling) would be needed to
understand the different paths by which students reached, or failed to reach, their potential for math
achievement. 

We were also able to provide recommendations to students based on their profiles and collect teacher
and student feedback on the Boost Strategies and SELfe Checklists. Anecdotal evidence suggests that
students found the strategies to be “favorable, engaging, and relevant”--level 1 (Reaction) of Kilpatrick’s
training evaluation model (1959, 1976). As one student put it, “it makes me feel like I have less work, you
should tell other kids about these strategies!” Based on teacher feedback, we are also continuing to
modify our product to ensure the most simple, easy-to-use approach in classrooms. For example, we
learned that while we had the data to effectively personalize checklists for every student, doing so would
not be manageable for teachers who need to be aware of every student’s performance. Instead, a better
solution would be to have three checklists per class based on students’ profiles. Expert teachers would
have the option to modify those strategies.

In the remainder of this section, we provide more detail about the Phase I SEL survey development and
data analysis. The development of the SEL survey, data collection, and data analysis supporting the
feasibility of the innovation consisted of the following steps.

1. Development of the SEL survey was completed by adapting 46 items from research-based, validated
instruments on motivation (Motivated Strategies for Learning Questionnaire, Pintrich & DeGroot,
1990; STEM Career Interest Survey, Kier et al., 2014), personality (Big Five Inventory; John &
Srivastava, 1999), and self-regulation (Capacity for Self-Control Scale; Hoyle & Davisson, 2016; and
Self-Control Scale; Tangney et al., 2004). All items were contextualized to math activities, such as
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homework and studying. We also included 29 items that tapped strategy usage, drawing from
MindPrint’s evidence-based collection of Boost Strategies (with items pertaining to general math
study/homework, learning new math concepts, what to do when “stuck” on a math problem, and
studying for math tests). All 75 items were assessed on a 5-point Likert scale, ranging from 1 (“Never
or Almost Never”) to 5 (“Always or Nearly Always”).

2. Data collection was conducted after a brief period of pilot testing and revision (with 8 students). The
SEL survey was administered to students attending a public middle school in an upper-middle class
suburb of a large, northeastern US city. At the time of data collection (late fall 2020), the school was
using a hybrid remote/in-person model to reduce transmission of COVID-19. A total of 215 students
completed the SEL survey, which was delivered online via Google Classroom. During the fall of 2020,
students in this school completed the MAP Growth assessment (n = 289) and the MindPrint cognitive
assessment (n = 315). A total of 174 students completed both of these assessments, of which 170
also completed the SEL survey. The combined dataset was used to confirm and extend regression
results concerning the prediction of MAP Growth outcomes, as discussed below.

3. Establishment of reliability and validity of the SEL survey is critical to ensure strategy
recommendations are appropriate. To determine whether SEL constructs can be reliably and validly
measured based on the scales and subscales in the survey, we: 1) calculated Cronbach’s alpha (α) to
assess the internal consistency of items; and 2) tested the model fit of confirmatory factor analyses
(CFA) to establish construct validity. Because CFA models can be used to understand the internal
structure or dimensionality of constructs, some CFA models (noted below) included two or more
constructs. For example, given the close conceptual relationship between self-efficacy and outcome
expectations, the CFA on expectancy combines items for these constructs.

Using these approaches, we identified eight core constructs with sufficient reliability and validity to
support strategy recommendations. These are organized in Table1 below according to whether the
measurement properties are “strong, ” “moderate,” or “poor.” Strong measurement properties include
high internal consistency (α >.70) AND good-to-excellent model fit (Chi-Square (χ2) p > .05, CFI > .90,
RMSEA > .05). Moderate measurement properties include high internal consistency OR
good-to-excellent model fit. Poor measurement properties are indicated by lack of both of these
characteristics.

Overall, we found that scales for critical constructs involving motivation (expectancy, mastery),
self-regulation (persistence, inhibition of non-aversive distractors), and study strategies (practice)
have strong measurement properties. For three constructs (value, conscientiousness, metacognition),
scales had moderate measurement properties. We note that MindPrint’s cognitive tasks have been
extensively validated in previous large-sample studies(e.g., Brensinger & Gur, 2010; Moore et al.,
2015; Parsons, 2019; Swagerman, et al., 2016).

In addition to these measurement models, we also explored a bifactor CFA model with five factors
(Persistence, Inhibition of Non-Aversive Distractors, Help-Seeking, Practice, and Metacognition) for a
broad construct of academic/school engagement (for other bifactor models of engagement, see Wang
et al. (2016, 2019). School engagement refers to the quantity and quality of students’ interactions with
learning activities (Fredricks et al., 2004; Wang et al., 2019).  Based on values of item-explained
common variance (I-ECV) greater than .80 (Dueber, 2017; Stucky & Edelen, 2015), a unidimensional
Cognitive Engagement Scale was constructed from the three Practice items and three of the
Metacognition items. This scale had strong measurement properties: α = .778 (n=209); CFA (n=238):
χ2 = 8.209, p = .513, CFI = 1.000, RMSEA = .000. Bifactor models are particularly valuable for
evaluating assumptions about construct dimensionality and the implications of those assumptions on
test scores (Dunn & McCray, 2020; Reise et al., 2007). In this case, the bifactor analysis confirmed
that it is appropriate to measure students’ cognitive engagement as a unidimensional construct. 



Table 1. Measurement Properties of Scales for Eight Core SEL Constructs

4. Confirmation of predictability of math scores by cognitive factors was accomplished by replicating
previous findings (reported in the Phase I proposal) that the MindPrint cognitive tasks account for
50% of the variance in math outcomes as measured by MAP Growth scores. To correct for
non-normality, MAP Growth percentiles were first transformed into normal scores using Blom’s
formula (Bishara & Hittner, 2015; Solomon & Sawilowsky, 2009). In the first model, we regressed the
normal scores of MAP Growth percentiles on the MindPrint cognitive domains (working memory,
attention, abstraction/flexibility, verbal reasoning, nonverbal reasoning, spatial cognition, verbal
memory, spatial memory, sensorimotor speed, processing speed) and covariates (grade, gender,
race/ethnicity, SPED status, 504 Plan status, free or reduced lunch (FRL) status). This model



explained 56.7% of the variance in math outcomes. A second model, with significant predictors only
(verbal reasoning, nonverbal reasoning, spatial memory, attention; indicator variables for Asian,
SPED, and Gender) accounted for 52.5% of the variance in math outcomes. The Model Summary
and Coefficients Table for the second model are presented below. The second model was used as the
base model for the analyses with individual SEL predictors, discussed next.

5. Improving predictability of math scores by including SEL factors was accomplished by adding SEL
factors to the base regression model with covariates and MindPrint cognitive factors. Cognitive and
SEL factors were combined in two sets of regression analyses. In one set of analyses, each SEL
factor was tested on its own to see if it significantly increased the amount of explained variance (as
measured by increase in R2 and statistical significance of its associated F test) over and above the
covariates and four cognitive factors that significantly predicted normal scores of MAP Growth
percentiles in the base model. These models also included the four two-way interaction terms for the
products of each focal SEL predictor and each cognitive factor. The results show that of the
regression analyses on 19 target SEL predictors, all but three yielded significant main effects and/or
interactions involving the target variable. The significant effects ranged from small to small-medium in
effect size. The three target variables for which analyses failed to show significant effects include



Extrinsic Motivation/Performance Goal Orientation, Integration, and Resources. Significant
interactions include those between Attainment Value and Nonverbal Reasoning, Elaboration and
Attention, and Growth Mindset and Nonverbal Reasoning. These results indicate that individual SEL
factors and their interactions with the cognitive factors explained an additional 1.9% to 6.5% of the
variance in MAP Growth scores. Effect sizes ranged from small (ƒ2 =  .02) to medium-small (ƒ2 = 
.07).

In a second set of regression analyses, stepwise regression methods (forwards, backwards, and
stepwise per se) were used to get an overall sense of the contributions of the complete set of
cognitive and SEL factors. Although these analyses should not be used in the absence of theory to
draw conclusions about specific predictors, these three regression analyses—taken
together—indicate that the final models explain from 60.3% to 63.9% of the variation in math
outcomes. This can be compared to the 52.5% of variance explained by the base model. In other
words, the addition of the SEL factors explained an additional 10% of the variance in math scores.
Furthermore, these analyses revealed common predictors in the final models of two or three of the
analyses, as indicated below.

Despite our small sample size, we were able to fit a full structural equation model to the data. The fit
of the model was reasonable (χ2 = 282.179, p = .000, CFI = .943, RMSEA = .041, and RMSEA Pclose
= .912). A simplified version of this model, without indicators or error terms, is presented in Figure 1
below. Only factors with significant paths (p < .05) are included; standardized regression weights
(betas) are indicated for each regression path. The bold italicized values are squared multiple
correlations, indicating how much variance in the corresponding factor is explained by all of its
predictors. This model shows that the motivational factor of Expectancy has an indirect effect on MAP
Growth scores (through Persistence and Cognitive Engagement); Cognitive Engagement has a direct
effect on MAP Growth; and Complex Cognition has both direct and indirect effects on MAP Growth.
(Complex cognition is measured by verbal reasoning, nonverbal reasoning, and spatial cognition; see
Moore et al., 2105, for the CFA supporting this factor.) Although this model is tentative without
cross-validation (which is planned for Phase II), it indicates that an impressive 75% of the variance in
MAP Growth scores (in dark blue) is predicted by a combination of cognitive factors, SEL factors (in
pink), and engagement-related factors (in blue). Note that the increase in explained variance,
compared to regression, is partly due to including indirect effects, though different factors were
included in the SEM analysis based on the confirmatory work.

Figure 1: Full Structural Equation Model with factors differing in malleability:
low (pink), moderate  (blue), high (dark blue). See below for discussion.



Interestingly, the negative association between Complex Cognition and Cognitive Engagement
suggests that strong reasoners may be less inclined to use metacognitive and practice strategies,
instead relying on their strong reasoning skills to perform well in math. This outcome, while not
originally predicted, is consistent with what we know to be true from research (Seo & Patall, 2020)
and from near universal experience. For example, imagine Student X has well-above average
complex reasoning skills and speeds through homework without a mistake, hardly studies for tests,
and earns straight A’s. Student X’s teacher is concerned that Student X doesn’t pay attention in class
or hand in all her assignments, but it’s hard to criticize a student with such strong grades. In contrast,
Student Y has average complex reasoning skills and weak visual memory, and needs more examples
and repetition to understand a new concept. Student Y often starts homework forgetting what he
learned in class that day and needing to review notes in order to answer the first few problems. While
Student Y is also very capable of mastery, he requires more persistence, self-regulation, and
self-control to succeed in math class. 

Based on our Phase I study, we can assert that the combination of cognitive and SEL data enables
MindPrint to not only predict both students’ scores but also drive recommendations to elevate and
support both students. Student X might be doing well now, but when the work becomes more
challenging, her lack of persistence and self-control might cause challenges if she fails to adapt to the
more challenging work. MindPrint’s strategy checklist for Student X includes methodically checking
work and solving problems in multiple ways to develop persistence and a deeper understanding.
Student Y’s checklist centers on spaced repetition and multi-modal reinforcement so he remembers
what was covered in class beyond the chapter test. Student Y might be reminded to use positive
self-talk so he perseveres when topics are difficult.

As noted above, remaining activities include a full analysis of the experience-sampling data. In addition,
we are writing white papers to disseminate and promote our Phase I research.

Description of Problems Encountered and Resolved

MindPrint successfully completed the most critical aspects of the Phase I research despite the COVID-19
pandemic, which limited our ability to work in-person with teachers and students. Some aspects of our
proposed research were necessarily curtailed or canceled. Namely we had a smaller sample size than
originally anticipated, were unable to perform in-person focus groups and user testing on the SELfe
Checklists and Boost Strategies, and were not able to conduct traditional experience sampling. However,
data analysis suggests the sample size was sufficient to provide conclusive results and we were able to
have ongoing virtual discussions with teachers and students to collect feedback and make informed
design changes on that feedback. We are still analyzing experience sampling data to determine the value
in Phase I and intend to pursue this area of investigation in Phase II.

The reduction of in-person time, enabled us to delve deeper into the analysis of collected data to
understand how the combination of cognitive (MindPrint Cognitive Assessment) and SEL (SELfe Survey)
data enhances our ability to predict and improve student MAP Growth math achievement outcomes.

Description of Remaining Problems or Unmet Research Objectives

Due to COVID-19, the implementation of the small-scale in situ study during Phase I was infeasible. That
being said, we were able to provide recommendations to students based on their profiles and collect
teacher and student feedback on the Boost Strategies and SELfe Checklists. Otherwise, there are no
remaining problems or unmet research objectives.

Conclusions of Phase I Findings in Support of Phase II Proposal



The innovation proposed in MindPrint’s Phase I SBIR was to extend the MindPrint Cognitive Assessment
to integrate context-specific SEL data and deliver interactive, personalized instructional strategies through
proprietary algorithms. We demonstrated the feasibility of the innovation by identifying the cognitive
factors, SEL factors, and study strategies that accurately predict over 60% of the variance in math
outcomes.  

Beyond accurately predicting variance in math outcomes, the Phase I findings also illuminated a research
framework for understanding which factors are least malleable but can be supported and which factors
are more malleable and the focus can be on direct improvement. Continued R&D in Phase II is
anticipated to not only produce models that differentiate among factors in the following three “layers” (see
Figure 1 above) but also guide which evidence-based strategies will be most effective in supporting
learners. 

1) Least malleable (but not unmalleable) “raw ingredients” that are inputs into learning processes
(e.g., the factors in pink above). This layer includes personality characteristics, cognitive
aptitudes/capacities (i.e., MindPrint cognitive factors), and motivation (expectancy, value,
mindset, and goal orientation). Inputs would also include covariates (race/ethnicity, IEP/504
status, gender, age/grade, and prior math knowledge). Although some of these factors cannot be
easily changed (e.g., we don’t anticipate growth in cognitive factors over time), they can be
supported so students learn strategies to compensate for their weaker skills.

2) More malleable “engagement processes” that recruit or are constrained by raw ingredients and
prior knowledge (e.g., in blue above); and 2) directly impact the quantity and quality of learning.
These processes fall under the multidimensional construct of academic/school engagement
(Fredricks et al., 2004; Wang et al., 2019; Wang & Eccles, 2013) and include behavioral
processes (persistence, effort, focus) and cognitive processes (study and practice strategies,
including metacognitive and self-regulated learning approaches). These factors will be positively
influenced by factors in layer 1 but also can be directly influenced and improved by strategies
such as using concrete examples, defining purpose, and more traditional SEL strategies around
improving student self-efficacy and self-management.

3) Most malleable achievement metrics (in dark blue above). In Phase II, we anticipate using
multiple indicators of achievement, including MAP Growth scores, end-of-year state math exam
scores, and math class grades. We propose that these outcomes will reflect the direct effects of
raw ingredients (especially cognitive factors) on performance as well as indirect effects of these
ingredients on engagement processes, which in turn affect performance. In short, to the extent
that we can support weaker less malleable skills and influence more malleable skills, we expect
that achievement will also increase.

Opportunities for Improvement in Phase II Research

We have identified three major opportunities as a result of the Phase I research: 

Revision and Extension of the SEL Survey. Based on the measurement properties of the SELfe
Survey scales discussed above, additional R&D can improve the measurement of value,
conscientiousness, impulsivity, and metacognition and provide a more thorough measurement of factors
related to school engagement. In addition, as part of our Phase II work plan, we intend to incorporate
experience sampling to validate results from the survey and understand how those differences might
improve our ability to collect more predictive SEL data in the future.

Refinement and Expansion of an SEL Course. Importantly, administrators and teachers interviewed
through iCorps unanimously indicated that students’ actual “minds-on” engagement in learning activities is
a top priority in their work; at the same time, 70% also indicated that they didn’t have an effective solution
for how to engage all students and 50% indicated concerns about students’ self-management skills. This
is not surprising given the critical importance of engagement to learning (e.g., Dotterer & Lowe, 2011;
Wang & Holcombe, 2010), including the learning of SEL competencies. In a large-scale study (25,896



K-12 students) of the associations between SEL and student engagement, Yang et al. (2018) found that
teaching SEL competencies was significantly associated with behavioral-cognitive engagement at the
student and school levels. Our customer discovery determined that a student course to develop their
self-awareness on the cognitive and SEL competencies and providing them with the SELfe Checklists to
develop these skills would be the most efficient and effective approach. Our Phase II R&D will include
delivering individualized strategies to students through a modular SEL course and monitoring their growth
on the SELfe Survey, and, over time, math outcomes.

Efficacy Study of the SEL Course. Although implementation of the small-scale in situ study during
Phase I was infeasible, the Phase II project affords us the opportunity to study the impact of the newly
developed SEL Course using a longitudinal randomized control trial (RCT) design that supports causal
inference and mediation analysis, and in a larger sample that permits a test of measurement invariance
across groups differing in socio-economic status (SES), race/ethnicity, and gender. In Phase II, we
propose to shift our efforts from predictive modeling to explanatory modeling. That is, instead of just using
cognitive and SEL factors to predict math outcomes, we will explore how these outcomes result from the
combination of these factors in particular forms of engagement or learning. Based on this understanding,
we will implement and refine the SELfe Course — adapted to students’ individual differences on our
cognitive and SEL measures —that leads to increases in the quantity and quality of engagement/learning
processes, which in turn leads to increases in math achievement. In Part 2, we elaborate on the technical
objectives, approach, and work plan that we will enable the MindPrint innovation to mature as a market
solution. 
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