Annenberg Institute
BROWN UNIVERSITY

EdWorkingPaper No. 26-1376

Mapping the Mechanisms of Interdisciplinary
Learning Transfer from Reading to Math
Achievement: Evidence from a Large-Scale
Randomized Controlled Trial

Joshua B. Gilbert James S. Kim

Harvard University Harvard University

Far transfer---the application of learning across distant domains---remains elusive in intervention research, and
even when it is found, its mechanisms remain unclear or unexplored. This study analyzes data from the Model of
Reading Engagement (MORE), a sustained content literacy intervention implemented in Grades 1-3 that
demonstrated positive treatment effects on both near transfer reading and far transfer math outcomes in a prior
study. Here, we extend the original analysis to examine the potential mechanisms of the far transfer effects
previously observed on math. Latent mediation analysis shows that approximately 50% of the treatment effect on
Grade 4 math is explained by Grade 3 reading, leaving the remainder attributable to other factors. The indirect
effects on math are driven by broad standardized reading measures rather than narrower content-specific
reading comprehension or background knowledge, suggesting that interventions targeting broad,
cross-disciplinary skills may be most effective for supporting far transfer. Results are robust to high levels of
unobserved confounding, alternative mediators representing reading engagement and social-emotional learning,
and alternative model specifications. We conclude with a discussion of how the appropriate methodological
choices for assessing transfer depend on intervention characteristics and substantive research questions.

VERSION: January 2026

Suggested citation: Gilbert, Joshua B., and James S. Kim. (2026). Mapping the Mechanisms of Interdisciplinary Learning Transfer
from Reading to Math Achievement: Evidence from a Large-Scale Randomized Controlled Trial. (EdWorkingPaper: 26-1376).
Retrieved from Annenberg Institute at Brown University: https://doi.org/10.26300/nxqq-jc13



Mapping the Mechanisms of Interdisciplinary Learning
Transfer from Reading to Math Achievement: Evidence
from a Large-Scale Randomized Controlled Trial

Joshua B. Gilbert ® and James S. Kim ®!

"Harvard University Graduate School of Education

December 18, 2025

Abstract

Far transfer—the application of learning across distant domains—remains elusive in
intervention research, and even when it is found, its mechanisms remain unclear or
unexplored. This study analyzes data from the Model of Reading Engagement (MORE),
a sustained content literacy intervention implemented in Grades 1-3 that demonstrated
positive treatment effects on both near transfer reading and far transfer math out-
comes in a prior study. Here, we extend the original analysis to examine the potential
mechanisms of the far transfer effects previously observed on math. Latent mediation
analysis shows that approximately 50% of the treatment effect on Grade 4 math is
explained by Grade 3 reading, leaving the remainder attributable to other factors. The
indirect effects on math are driven by broad standardized reading measures rather than
narrower content-specific reading comprehension or background knowledge, suggesting
that interventions targeting broad, cross-disciplinary skills may be most effective for
supporting far transfer. Results are robust to high levels of unobserved confounding, al-
ternative mediators representing reading engagement and social-emotional learning, and
alternative model specifications. We conclude with a discussion of how the appropriate
methodological choices for assessing transfer depend on intervention characteristics and
substantive research questions.
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1 Introduction

Nearly a century ago, John Dewey argued that “perhaps the greatest of all pedagogical
fallacies is the notion that a person learns only the particular thing he is studying at the time”
(Dewey, 1938). Today, educational psychologists would call this concept “learning transfer”,
or the application of skills and concepts learned in one domain or context to another (Barnett
& Ceci, 2002; Gick & Holyoak, 1980, 1983, 1987; Hung, 2013; Perkins & Salomon, 1989;
Perkins, Salomon, et al., 1992; Perkins & Salomon, 2012, 2018; Sala & Gobet, 2017; Sala
et al., 2019; Salomon & Perkins, 1989).

Examples of learning transfer include concrete, physical skills as well as abstract ideas and
concepts. For example, learning how to drive a car is sufficiently similar to driving a truck
that little additional instruction is needed to perform well in the new context, an example
of near transfer (Salomon & Perkins, 1989). At a more abstract level, the concepts of ratio,
proportion, and subdivision can be expressed both in terms of mathematical symbols and
musical rhythm (Scripp, 2002; Scripp & Gilbert, 2016). Similarly, the concepts, processes,
analogical structures, and schemas shared between disciplines can enable learning in one
domain to support learning in a more distantly related domain, that is, far transfer (Gick &
Holyoak, 1983, 1987; Holyoak, 1985). While transfer has often been neatly dichotomized in
terms of “near” and “far”, some scholars have argued that the degree of transfer instead forms
a continuum depending on the content and context of what is being transferred (Barnett
& Ceci, 2002; J. S. Kim et al., 2023, 2024), offering a richer framework for understanding
transfer effects in educational and psychological research.

Despite its theoretical and empirical importance, far transfer—skills and concepts that
cross disciplinary boundaries such as from reading to math or math to music—remains an
elusive phenomenon in contemporary educational research. As Barnett and Ceci (2002, p.
612) observe, “despite a century’s worth of research, arguments surrounding the question
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intervention studies and meta-analyses show evidence of positive far transfer effects, in areas
such as computer programming, music, executive function, and education generally (Bigand
& Tillmann, 2022; Goldin et al., 2014; Neves et al., 2022; Ritchie & Tucker-Drob, 2018;
Scherer et al., 2019; Scripp, 2002; Swaminathan & Schellenberg, 2021), other primary studies
and meta-analyses of transfer effects across various domains yield opposing results. For
example, Banerjee et al. (2025) show that children’s arithmetic skills may fail to transfer
within disciplines, in their case, between applied and academic mathematics. A meta-analysis
of executive function skills shows large and positive effects on near transfer outcomes, but
no significant effects on far transfer outcomes (Kassai et al., 2019). Two meta-analyses of
music interventions find that when methodological quality is controlled for, there are no
significant effects on far transfer cognitive outcomes (Cooper, 2020; Sala & Gobet, 2020).
Another meta-analysis similarly observes that “far-transfer effects are small or null” and
argues that “the lack of generalization of skills acquired by training is thus an invariant
of human cognition” (Sala et al., 2019, p. 1), a finding supported by other meta-analyses
indicating limited transferability of general cognitive skills (Melby-Lervag et al., 2016; Sala &
Gobet, 2017; Schwaighofer et al., 2015) and theoretical work on the structure of intelligence
(Protzko, 2017).

The mixed results of far transfer meta-analyses suggest that interventions successfully
promoting interdisciplinary far transfer are rare and, in some cases, may represent false
positives. Therefore, when researchers find statistically robust evidence of far transfer,
uncovering the mechanisms that explain how and why it occurs is of clear theoretical and
practical importance. Interventions purposefully designed to support far transfer may be
more likely to show effects that persist across multiple outcomes over time rather than
demonstrating “fade out” after the conclusion of intervention activities (D. Bailey, 2019;
D. Bailey et al., 2017; D. H. Bailey et al., 2018; Durkin et al., 2022; Hart et al., 2024) and
less likely to result in test score inflation where improvement on test items capturing content

taught through direct instruction does not generalize to a broader pool of items measuring



the latent trait under investigation (Koretz, 2005, 2008).

Interdisciplinary far transfer from reading to math is of particular interest to researchers
because these are the primary subjects most often assessed at large scale and across age
groups, associated with school accountability measures, and predictive of long-term success
in adolescence and adulthood (Duncan et al., 2007; McCoy & Sabol, 2025; Reyna et al., 2009;
Ritchie & Bates, 2013; Watts et al., 2014). Accordingly, a substantial body of descriptive and
correlational research has explored the nature of reading-math relationships in educational
contexts, with meta-analyses showing strong associations between performance in these two
domains even when controlling for other factors (Peng et al., 2020). Similarly, longitudinal
studies have demonstrated that shared cognitive processes predict longitudinal growth in both
reading and math (Cirino et al., 2018), and that most of the covariation between reading and
math stems from time-invariant factors, suggesting a strong and stable relationship between
performance in both disciplines and that improvement in one may translate into improvement
in the other (D. H. Bailey et al., 2014, 2020; Korpipéa et al., 2017; Psyridou et al., 2025;
Watts et al., 2014, 2017). At a more fundamental cognitive process level, the ability to decode
and comprehend language is of critical importance to solving math problems expressed in
words (Abedi & Lord, 2001; Koedinger & McLaughlin, 2010), though domain-specific skills
and concepts are most predictive of achievement (Mononen et al., 2025).

Similarly, quasi-experimental studies show how long-term policies and interventions de-
signed to improve reading achievement can yield positive spillover effects on math achievement.
For example, Novicoff and Dee (2025) find that teacher professional development based on
science of reading principles combined with other supports led to a .14 SD increase in ELA
test scores and a .11 increase in math test scores for G3 students in California. Similarly,
Nichols-Barrer and Haimson (2013) examine the implementation of Expeditionary Learning
curricula in elementary schools and find positive effects on reading test scores (.06 SDs) and
null effects on math (-.02 SDs) after the first year of implementation, but positive effects in

both subjects after two years of implementation (.11 SDs in reading and .09 SDs in math).



However, the mechanisms underlying these transfer effects remain unclear.

Despite this rich body of descriptive and quasi-experimental work, the extent to which
improvements in reading achievement mediate improvements in math achievement remains
an open question, as existing mediation studies connecting reading and math have mostly
been conducted in observational rather than experimental contexts (Austin et al., 2011;
D. H. Bailey et al., 2020; Chow & Ekholm, 2019; King & Purpura, 2021; Slusser et al., 2019;
Zhang et al., 2017). However, some causal studies provide evidence that vocabulary is a
mediator for treatment effects of literacy interventions on more general reading skills such as
reading comprehension, suggesting a potentially important role of vocabulary as a mediator
of effects on math achievement as well (Language and Reading Research Consortium et al.,

2019; Mosher & Kim, 2025; Mosher et al., 2024).

1.1 The Present Study

The purpose of the present study is to evaluate reading achievement as a potential mediator
for far transfer effects on math achievement in a causal inference context. We analyze data
testing the efficacy of a sustained content literacy intervention called the Model of Reading
Engagement (MORE) through a longitudinal randomized controlled trial (RCT) (J. S. Kim
et al., 2024). The original results showed both near transfer effects on reading outcomes
and far transfer effects on math outcomes. However, the authors did not examine potential
mechanisms explaining the far transfer effects on math. Here, we extend the original analysis
to determine the extent to which Grade 3 (G3) reading skills mediate the observed treatment
effects on Grade 4 (G4) math skills to probe the potential mechanisms of far transfer.

The design and theory of change of the MORE intervention has been previously described
in various publications (Gilbert et al., 2023; J. S. Kim et al., 2023, 2024; Mosher & Kim,
2025). In short, MORE emphasizes the development of schemas to build domain knowledge
in science and social studies through the implementation of teacher professional development,

lessons, read alouds, provision of books to the home, and a digital app for students to practice



reading skills. The implementation of MORE evaluated here occurred in a large urban district
in the southeastern United States. Thirty schools were randomly assigned to treatment and
control conditions. 2,870 students consented to participate in Grade 1 (G1), and baseline
data was collected in G1 winter. The MORE intervention was then implemented in treatment
schools from G1 spring to Grade 2 (G2) spring while control schools received business as usual
instruction. As a response to the COVID-19 pandemic in 2020, MORE lessons and materials
were provided to all Grade 3 (G3) students in both conditions during online schooling (Relyea
et al., 2025). The treatment-control contrast was therefore a 3-year “full spiral” (G1, G2, G3)
of MORE for treatment students compared to a 1-year “partial spiral” (G3 only) for control
students. Immediate outcomes were assessed in the spring of G3 and long-term outcomes
were assessed one year following program implementation in spring G4.

The results showed moderate and positive intention-to-treat (ITT) and treatment-on-
the-treated (TOT) impacts of MORE on a wide range of academic outcomes, including
researcher-developed assessments in vocabulary and reading comprehension as well as state
standardized assessments in reading. Perhaps most surprisingly, the results also showed
positive far transfer effects on state standardized math tests persisting in G4, 14 months
following the end of the intervention. The authors explained the unexpected positive
treatment effects on math by explicitly invoking theories of learning transfer, arguing that
interdisciplinary far transfer requires sustained support over time, a condition met by the
three-year MORE intervention. Conceptually, the authors argued that the key ingredient
in the MORE intervention’s success in promoting far transfer was the focus on developing
multiple schemas (Gilbert et al., 2023; J. S. Kim et al., 2023; Mosher & Kim, 2025), which
they defined as “intellectual structures that help novice learners build expertise within a
given domain ... by making it easier to acquire, organize, connect, and transfer knowledge”
(J. S. Kim et al., 2024, p. 1281). The schema development targeted by MORE is a potential
“trifecta skill”, or one that is “malleable, fundamental, and would not have developed in the
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et al., 2017, p. 7) and potential interdisciplinary learning transfer. That is, because MORE
explicitly focused on building generalized schema for developing reading skills in the context
of science and social studies lessons, these skills were more likely to transfer to other content
and contexts, such as word problems on math assessments.

In terms of potential mechanisms underlying the far transfer effects on G4 math, the
authors suggested that “literacy-focused activities are likely to be key active ingredients
driving any observed cross-domain transfer effects.” Furthermore, they noted that the
state math tests “consisted mostly of word problems requiring strong reading and language
skills such as knowledge of quantitative and spatial language” and, “given the emphasis on
conceptual knowledge in the full MORE spiral curriculum, it is plausible that the intervention
activities enhanced children’s ability to comprehend and develop conceptual understanding
rather than factual recall” (p. 1293). Table 1 shows publicly available items from G3
reading and G4 math tests and support the plausibility of the authors’ arguments, as the
necessity of reading skills for the math test items is apparent, with similar levels of text
complexity for both tests as measured by the Flesch-Kincaid Grade Level index. However,
while the possibility that G3 reading skills provide the mechanism for far transfer effects on
G4 math is both plausible and theoretically grounded, the authors did not explicitly test
their hypotheses addressing potential mechanisms, leaving them largely as an open question
for future exploration. Therefore, the purpose of this study is to extend the original analysis
to explore the potential mechanisms promoting far transfer from G3 reading to G4 math
achievement.

The design of the MORE study provides a uniquely rigorous opportunity to address
potential causal mechanisms by leveraging an RCT within a longitudinal data collection
process, in contrast to observational studies where both mediator and outcome measures are
collected concurrently (Fairchild & McDaniel, 2017). That is, with baseline demographic
and academic achievement measures collected in G1, an intervention implemented from

G1 to G3, immediate post-intervention measures of near transfer reading skills collected in



Test Item Text Grade Level

G3 EOG Reading What is the meaning of pecked in paragraph 27 3.6

G3 EOG Reading According to the text, what is often difficult for the 6.9
author?

G3 MAP Reading Under which heading does the author include information 12.6
about white-crowned sparrow babies?

G3 MAP Reading How are dad’s ideas different from Milan’s ideas? 6.7

G4 EOG Math Each day of the work week, Mr. Harbin uses % of a gallon 6.2

of gas. Which estimate best describes the amount of gas
Mr. Harbin would use in a five-day work week?
G4 EOG Math A cafeteria manager ordered 1,251 cartons of milk on 9
Monday. He also ordered cartons of milk on Thursday. He
ordered 879 more cartons on Monday than on Thursday.
How many cartons did the manager order on Thursday?

G4 MAP Math Manuel paid 34 cents for gum. He gave the clerk $1. 1.8
Which picture shows the correct change?
G4 MAP Math What is the total number of objects in the array? Enter 3.7

the answer in the box.

Table 1: Sample Item Text from Measure of Academic Progress (MAP) and End of Grade
(EOG) Reading and Math Tests

G3, and long-term measures of far transfer math collected in G4, the design of this study
provides a strong basis for exploring mediation and mechanisms in a causal inference context.
Furthermore, the availability of multiple potential mediator variables, including assessments
of vocabulary, reading comprehension, background knowledge, and broad reading ability
allow us to probe which specific reading skills, if any, may be driving the far transfer effects
on math, thus building on prior literature that has examined only single mediator models
connecting reading to math (King & Purpura, 2021; Slusser et al., 2019). Similarly, the
data also include surveys measuring reading engagement and social-emotional learning (SEL)
collected at the end of the intervention, which allow us to test alternative, non-cognitive
mechanisms of transfer (Barnett, 2004; Sinha, 2013; VanLehn et al., 2017). While causal
interpretation of mediation analyses can be challenging even in RCTs because the values of
the mediator are potentially at least partially endogenous (Albert et al., 2016; Imai et al.,
2010; Keele et al., 2015), they nevertheless can shed light on to what extent the data are

more consistent with reading skills explaining the transfer effects on math, compared to other



measured and unmeasured factors.

In short, our results show evidence of partial mediation, as G3 reading explains about
50% of the total effect of MORE on G4 math. Decomposing G3 reading into its constituent
subscales shows that the indirect effects from reading to math are mostly captured by broad
standardized tests rather than narrower content-specific reading comprehension or background
knowledge. Results are robust to high levels of unobserved confounding, G3 reading engage-
ment or social-emotional learning (SEL) as alternative non-cognitive mechanisms of transfer,
and alternative model specifications. These results suggest a shared role of reading skills and
other, unmeasured mediators, potentially including working memory, non-verbal reasoning,
problem solving, or parent-child interactions (Ismail et al., 2020; McCoy & Sabol, 2025;
Miller et al., 2024; Van der Linden et al., 1999), laying the groundwork for future mediation
studies to collect outcomes measuring student abilities and attitudes beyond reading skills,

engagement, and SEL.

2 Methods

2.1 Data and Measures

Our analytic sample is comprised of 2073 students with G4 math outcome data in either the
End of Grade (EOG) or Measure of Academic Progress (MAP) assessments. EOG and MAP
are standardized tests administered by the state in G3 and G4 in both math and reading
and report high internal consistencies (« ~ .90). The broad state standardized tests are
complemented by researcher-developed G3 reading measures including a 30-item assessment
of reading content comprehension (o = .86), a 36-item assessment of vocabulary knowledge
that includes both words explicitly taught through MORE in G1-G3 as well as conceptually
related but untaught words (a = .90), and a 9-item assessment of background knowledge

specific to the reading comprehension test (o = .55). All items are scored dichotomously, 1



= correct, 0 = incorrect.! The state test scores are derived from item response theory (IRT)
models. For comparability, we use expected a posteriori (EAP) scores derived from 2PL IRT
models to construct scores for the researcher-developed measures (Bock & Mislevy, 1982).

The data also includes a rich set of demographic control variables, which we include in all
models to improve the precision of the point estimates and to align with the analyses in the
original study. Demographic controls include race (black, Hispanic, other race), neighborhood
socio-economic status (SES; low, middle, high), and dichotomous indicators for gender, limited
English proficiency (LEP) status, and individual education plan (IEP) status. We also include
fixed effects for school randomization blocks to account for the stratified randomization. To
account for baseline academic ability, we include G1 Measure of Academic Progress (MAP)
reading and math scores collected before treatment implementation as control variables in all
models.

Students also completed affective surveys in G3 to assess levels of reading engagement
and social-emotional learning (SEL). To measure reading engagement, after each of three
reading comprehension passages on the researcher-developed assessment, students used Likert
scales to rate how much they enjoyed the passage (1 = I didn’t like it, 2 = it was OK, 3 =1
liked it, 4 = I loved it), how difficult they felt the passage was (1 = too easy, 2 = just right,
3 = too hard), and how they felt as a reader (1 = OK reader, 2 = good reader, 3 = great
reader). These three sets of three Likert scale items for enjoyment, difficulty, and self-concept
were converted to scores using a Graded Response IRT Model. We use these three scores to
operationalize a latent variable representing G3 student reading engagement (multiplying
the scores for passage difficulty by -1 so that positive scores on each indicator reflect greater
reading engagement). To measure SEL, students completed a proprietary measure called the
Panorama Student Survey (PSS) (Hao Ma & Elizabeth Cashiola, 2022; Lattke et al., 2022;
Panorama Education, 2015). Students rated their agreement with 9 items representing SEL

skills and attitudes such as emotional regulation, growth mindset, self-efficacy, and positive
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teacher-student relationships. The state does not provide item-level data for the PSS, but
instead provides a percentage value on how many items within each subdomain each student
endorses, which we use as continuous indicators in our models. We standardize each test and
survey score in our sample to mean 0 and standard deviation 1 for ease of interpretation.
While the original study did not explore reading engagement or SEL as outcomes or
potential mediators, some research has argued for the role of engagement, SEL, and related
non-cognitive skills as either predictors of math achievement or potential mechanisms of
transfer (Barnett, 2004; Eddy et al., 2021; Liu et al., 2022; Lyashevsky, 2018; McCoy & Sabol,
2025; Sinha, 2013; VanLehn et al., 2017). While MORE did not target these outcomes directly,
it is nonetheless plausible that a sustained content literacy intervention could improve student
reading engagement by equipping students with more reading skills that makes reading more
enjoyable. It is also possible that SEL outcomes would improve for similar reasons. We
therefore explore G3 reading engagement and SEL as potential alternative mediators to
determine to what extent non-cognitive factors may play a complementary role to reading

skills in learning transfer to math.

2.2 Statistical Models

To explore the mechanisms of far transfer from reading to math achievement, we use structural
equation modeling (SEM), implemented with lavaan software in R (Rosseel, 2012). Figure 1
shows a directed acyclic graph (DAG) representing the hypothesized relationships among
variables in the primary model. The essential paths are labeled A, B, and C' in the diagram.
Path A represents the total effect of MORE on G3 reading, operationalized as a latent
variable with five observed indicators. Path B represents the potentially causal relationship
between G3 reading and G4 math achievement, operationalized as a two-indicator latent
variable using G4 EOG and MAP math scores. Path C' represents the direct effect of MORE
on G4 math, controlling for G3 reading. The total effect of MORE on G4 math is therefore
A x B + C in this linear SEM, where A x B is the indirect effect of MORE on G4 math
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mediated by G3 reading. In essence, the original study estimated path A (total effect on
G3 reading) and A x B 4 C (total effect on G4 math), but not the potential indirect effect
A x B (effect on G4 math mediated by G3 reading).

Because assignment to the MORE intervention was randomized, paths A and C' have clear
causal interpretations, reflecting the average increase in the outcome caused by assignment
to the MORE condition (controlling for any improvements to G3 reading for path C'). The
interpretation of path B is causal under the assumption that G3 reading achievement and
the residuals of G4 math achievement are independent conditional on MORE and the control
variables (i.e., G3 reading and G4 math are “sequentially ignorable”) (Keele et al., 2015).
This assumption would be violated by an unobserved common cause (confounder) of both
G3 reading and G4 math, such as general intelligence. However, by including a rich set of
demographic control variables including G1 reading and math standardized test scores in
the model, we can at least partially control for any confounding, including time-invariant
student ability captured by the G1 test scores. We use sensitivity analysis in Section 3.3.2 to
determine how robust the results are to unobserved confounders and explore other potential
threats to causal identification in Section 4.2.

All latent variables are standardized to mean 0 and SD 1 to facilitate interpretation. We
use full information maximum likelihood (FIML) to account for missing data (Enders &
Bandalos, 2001) (see Appendix A for additional detail on the patterns of missing data in our
sample). Because students were nested in 30 schools and the randomization was carried out
at the school level, we apply cluster-robust standard errors at the school level, following the
original study.

We follow a sequential model-building strategy to probe the mechanisms of far transfer
from G3 reading to G4 math, fitting a taxonomy of five total models. In Models 1 and 2, we
replicate the original results on G3 reading and G4 math, respectively, to provide baseline
estimates of the total effects of MORE on these two outcomes in the present sample. Model

3 replicates Figure 1 to test the extent to which G3 reading mediates any observed treatment
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Baseline Intervention Period Immediate Follow-up Delayed Follow-up

(G1 Winter) (G1 Spring — G3 Spring) (G3 Spring) (G4 Spring)
Control _ EOG
Vars. Math
MAP
Math

EOG MAP Cont. Vocab Back.
Read Read Comp. ocap. Know.

Notes: Circles indicate latent variables, squares indicate observed variables. EOG = End of Grade. MAP =
Measure of Academic Progress.

Figure 1: Directed Acyclic Graph of Primary Mediation Model

effect on G4 math. Model 4 uses each of the five G3 reading indicators as multiple potential
mediators for the effect on G4 math to determine which of the constituent elements of reading
skills are the more important mediators, providing more insight into the potential cognitive
mechanisms underlying far transfer. Finally, Model 5 tests for full mediation by fixing the
direct effect of MORE on G4 math (i.e., path C) to 0 and comparing the results to Model 3
to determine whether full or partial mediation is a better fit to the data. We supplement
our primary models with a series of robustness tests for alternative mechanisms, sensitivity

analyses, and alternative specifications, described in Section 3.3.
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3 Results

3.1 Descriptive and Correlational Analyses

Descriptive statistics show that the analytic sample is about 55% treated, 50% male, 75%
black or Hispanic, 80% low or moderate SES background, 25% English learners, and 8%
students with individual education plans. Table 2 provides a balance test of the baseline
test score and demographic variables by treatment condition for the full sample. Following
the original study, we conduct the balance tests using school-level averages (N = 30 schools)
regressed on the treatment indicator and fixed effects for randomization block. There are
no significant differences on the demographic variables. There are small but statistically
significant differences on the G1 math and reading test score variables, at about 4 points
on the scaled test score, in favor of the control group. The student-level SD of the scaled
scores is about 17 points, so these differences are about .23 SDs. Given that these baseline

imbalances are in favor of the control group, any results favoring the treatment group are

likely to be conservative.

Variable Control Treatment Adjusted Mean Difference
G1 Math 170.72 (6.72) 166.64 (7.78) -4.08 (1.92)F
G1 Reading 169.62 (5.97) 165.58 (7.62) -4.03 (1.81)*
Prop. Black 0.4 (0.19) 0.41 (0.22) 0.01 (0.08)
Prop. Hispanic 0.3 (0.18) 0.35 (0.2) 0.05 (0.06)
Prop. IEP 0.11 (0.04) 0.08 (0.04) -0.03 (0.01)
Prop. LEP 0.21 (0.14) 0.25 (0.17) 0.04 (0.05)
Prop. Male 0.52 (0.07) 0.49 (0.04) -0.02 (0.02)
Prop. Other Race 0.04 (0.03) 0.03 (0.02) 0 (0.01)
Prop. High SES  0.18 (0.32)  0.16 (0.29)  -0.02 (0.1)
Prop. Low SES 0.39 (0.39) 0.52 (0.37) 0.13 (0.1)
Prop. Middle SES 0.42 (0.36)  0.31 (0.27)  -0.11 (0.11)

Notes: Cell entries are school-level means and SDs or regression coefficients and SEs (N = 30 schools).
Adjusted mean differences are derived from regression models of the school mean outcome on the treatment

indicator and fixed effects for randomization block. *p < .05

Table 2: Balance Test on Baseline Variables
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Density plots, bivariate scatter plots, and correlations between all test score variables are
displayed in Appendix B. We observe large, positive, and statistically significant associations
between all reading and math test scores at all time points, though cross-domain (reading
to math) and temporally distant correlations are weaker than same-domain, concurrent
correlations. The relationships among the variables appear linear, and the univariate distri-
butions reveal no extreme deviations from normality, though the G3 content comprehension
test reveals some right skew. These results suggest that the standard residual normality
assumptions of SEM are likely to be reasonable in our analyses. We include analogous plots
for the three reading engagement and nine SEL variables in Appendix B and find that the
indicators are generally positively correlated with one another, though some SEL variables

show some left skew.

3.2 Structural Equation Models

Table 3 shows the SEM results, following the model building strategy described earlier.
Models 1 and 2 essentially replicate the original findings on G3 reading and G4 math,
respectively, though in a latent variable framework disattenuating standardized effect size
estimates for measurement error (Gilbert, 2025; Hedges, 1981; Shear & Briggs, 2024). We see
positive, statistically significant, and moderate main effects of MORE on both G3 reading
(8 = .13,p < .01) and G4 math (6 = .14,p < .01), in line with the original analyses in
J. S. Kim et al. (2024). The subsequent models extend the original analysis to probe potential
mechanisms of the total MORE effect on G4 math.

Model 3 includes overall G3 reading as a potential mediator of the MORE treatment
effect on G4 math, and we see evidence consistent with at least partial mediation. That
is, we see a reduction in the direct effect of MORE on G4 math to non-significance and a
strong association between G3 reading and G4 math. Holding constant G3 reading (and the
covariates), MORE had no significant impact on G4 math (5 = .08, p = .07), and a positive
one SD difference in G3 reading predicts a .56 SD difference in G4 math (p < .001). The
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indirect effect from treatment to G4 math through G3 reading is positive and statistically
significant (8 = .07, p < .01, cluster bootstrap 95% CI [.02, .12]). Expressed as a proportion,
G3 reading mediates about 50% of the total effect of MORE on G4 math. While the same
pattern of results would obtain if G3 reading were a confounder (i.e., common cause) rather
than a mediator of the relationship between the MORE treatment and G4 math, G3 reading
cannot be a confounder because it was measured after treatment implementation.

Model 4 disaggregates the latent G3 reading mediator into its five constituent indicators
(i.e., we allow for separate treatment effects and indirect effects through each of the G3
reading indicators, with corrections for measurement error in the observed scores). We see
that the overall direct effect is the same, direct effects of MORE are positive and statistically
significant for all indicators except G3 MAP, and only the indirect effect for G3 EOG scores
is statistically significant, with the largest indirect effect coefficient on the vocabulary scores,
though the effect is not statistically significant (5 = .05,p > .05). Interestingly, the strongest
path from the mediators to the G4 math outcome is the researcher designed vocabulary
measure (5 = .30, p < .05), with a stronger relationship than either of the state standardized
MAP or EOG reading scores in G3. These results underscore the potential importance of
broad, unconstrained skills in promoting transfer, compared to, for example, the specific
background knowledge relevant for particular reading passages (Fitzgerald et al., 2020, 2022;
Perfetti, 2007; Wright & Cervetti, 2017). Model 5 allows for full mediation by fixing the
path from treatment to G4 math to 0. While the model fit is only slightly affected, a x? test
shows the partial mediation of Model 3 is preferred (x? = 8.79,p < .01).

Our preferred specification is Model 3, allowing for partial mediation of the MORE
treatment effect through a unidimensional G3 reading latent variable. The goodness of fit
statistics are adequate (RMSEA = .041, SRMR = .015, TLI = .964, CFI = .975) (Hu &
Bentler, 1999) and we see a positive and statistically significant indirect effect from the
treatment to G4 math through the G3 reading mediator. Figure 2 shows a graphical depiction
of Model 3.
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path Model 1

Model 2

Model 3

Model 4 Model 5

MORE Effect on G3 Lang.

MORE Effect on G4 Math

G4 Math on G3 Lang.

MORE Indirect Effect through G3 Lang.
G4 Math on G3 EOG

G4 Math on G3 MAP

G4 Math on G3 Content Comp.

G4 Math on G3 Vocab.

0.13 (0.042)%*

0.143 (0.05)**

0.126 (0.04)%
0.078 (0.042)
0.56 (0.033)%**
0.071 (0.023)**

0.141 (0.042)%F*
0.082 (0.037)*
0.571 (0.035)%**
0.081 (0.025)**
0.175 (0.069)*
0.224 (0.067)%**
-0.208 (0.151)
0304 0.128)*

(
G4 Math on G3 Back. Know. 0.075 (0.072)
MORE Effect on G3 EOG 0.133 (0.042)**
MORE Effect on G3 MAP 0.069 (0.036)
MORE Effect on G3 Content Comp. 0.147 (0.061)*
MORE Effect on G3 Vocab. 0.16 (0.054)**

MORE Effect on G3 Back. Know. 0.107 (0.051)*
MORE Indirect Effect through G3 EOG 0.023 (0.011)*
MORE Indirect Effect through G3 MAP 0.015 (0.01)
MORE Indirect Effect through G3 Content Comp. -0.03 (0.027)
MORE Indirect Effect through G3 Vocab. 0.049 (0.031)

(
MORE Indirect Effect through G3 Back. Know. 0.008 (0.009)

N 2073 2073 2073 2073 2073
RMSEA 0.035 0.05 0.041 0.056 0.041
SRMR 0.014 0.007 0.015 0.006 0.015
TLI 0.968 0.966 0.964 0.931 0.964
CFI 0.975 0.984 0.975 0.99 0.974

Notes: Cell entries are standardized coefficients and standard errors; p-values are derived from unstandardized
models (Gonzalez & Griffin, 2001; Kline, 2023). RMSEA = root mean square error of approximation.
SRMR = standardized root mean residual. TLI = Tucker-Lewis index. CFI = confirmatory fit index.
0 < .05, p < .01, p < .001

Table 3: Results of Structural Equation Models fit to the MORE Data

3.3 Robustness Checks

We next test the robustness of our preferred specification (Model 3) through a series of tests,
including alternative non-cognitive mediators, sensitivity analysis, and alternative model

specifications.

3.3.1 Alternative Mechanisms: Reading Engagement and SEL

To probe alternative mechanisms for far transfer to math that do not include G3 reading skill,
we extend Model 3 with two additional latent mediators (separately) in a parallel mediation
framework (Gervais et al., 2025; Hayes, 2022): G3 reading engagement and SEL. We allow
for correlated residuals among the two mediators. The latent reading engagement mediator
is represented by the survey scores of reading self-concept, enjoyment, and perceived easiness
described in Section 2.1. We find a positive, moderate, and statistically significant treatment

effect on latent G3 reading engagement (f = .13,p < .05). However, conditional on G3
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Baseline Intervention Period Immediate Follow-up Delayed Follow-up
(G1 Winter) (G1 Spring — G3 Spring) (G3 Spring) (G4 Spring)

Control EOG

Vars. . .90 Math
G4

Math

Math

Indirect Effect:
.071**

Fit Indices:
RMSEA = .041

EOG MAP Cont. Vocab Back. SRMR = .015
Read Read Comp. 0cab. Know. CFI = .975

Note: **p < .01, ***p < .001. Factor loadings are labeled without p-values for clarity; all are p < .001.
RMSEA = root mean square error of approximation. SRMR = standardized root mean residual. CFI =
confirmatory fit index.

Figure 2: Results of fitted Structural Equation Model 3

reading and the baseline covariates, there is no significant association between G3 reading
engagement and G4 math (8 = .001,p > .05), perhaps an unsurprising result given that some
research shows that math interest and engagement is not conditionally associated with math
achievement (Liu et al., 2022; Zhu & Chiu, 2019). Accordingly, the indirect effect of MORE
on G4 math through G3 reading engagement is a precise null (8 = .001, SE = .002). The
latent SEL mediator is represented by the nine survey indicators described in Section 2.1.
We find no statistically significant treatment effect on SEL (8 = .06,p > .05), a small but
significant association between SEL and G4 math (5 = .04, p < .05), and precise null indirect
effect from MORE to G4 math (8 = .002, SE = .002). Accordingly, the indirect effect of
MORE on G4 math through G3 reading is essentially unchanged in these models from Model
3 (8 =.07,p < .01). We include path diagrams for these alternative mechanism models in
Appendix C.

These results suggest that while MORE had a positive impact on G3 reading engagement

17



and that G3 SEL is positively conditionally associated with G4 math—arguably important
ends in themselves that were not explored in the original study—improvements in G3 reading
engagement or SELL do not appear to function as mechanisms of far transfer to G4 math
achievement or to affect the strong positive indirect effect from G3 reading to G4 math

observed in our main specification.

3.3.2 Sensitivity Analysis

To what extent can we interpret Model 3 as a fully causal mediation model? The randomized
treatment assignment provides unconfounded causal paths from the MORE intervention
to G3 reading and the direct effect on G4 math, in expectation. Causal interpretation of
the indirect effect requires an unconfounded relationship between G3 reading and G4 math.
While the assumption of unconfoundedness is not testable because an unobserved common
cause could explain the positive correlation between these two measures (i.e., omitted variable
bias), the issue is substantially mitigated by including both G1 reading and G1 math baseline
scores as control variables in the model, because any time-invariant student ability in both
reading and math would be partialled out of the association between G3 reading and G4
math. That is, the strong association between G3 reading and G4 math is already conditional
on baseline achievement in both domains and demographic characteristics. Prior longitudinal
research showing the relationship between reading and math ability is stable over time further
protects our results from omitted confounders (Keele et al., 2015; Korpipaa et al., 2017).
Nonetheless, we probe the robustness of our results by conducting a sensitivity analysis
to determine how strong an unobserved confounder must be to attenuate the path from G3
reading to G4 math to 0, or at least non-significance (Blackwell, 2014; Imai et al., 2010; Keele
et al., 2015; Tchetgen & Shpitser, 2012). Sensitivity analysis is easily conducted in the SEM
context because we can simply add a latent variable as a common cause of both G3 reading
and G4 math, fix the paths to each latent variable a range of values, and determine what

level of correlation would be needed to fully remove the effect of interest.
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Testing a range of correlations between unobserved confounder U and G3 reading and
G4 math shows that the path from G3 reading to G4 math becomes non-significant when U
is correlated .34 with each variable, implying partial R? = 11.6%. How should we interpret
this result? First, we can benchmark the critical value of .34 against the coefficients on the
standardized G1 pretest scores. For example, in Model 3, both G1 reading and G1 math are
positively correlated with G3 reading, with standardized regression coefficients of .51 and .25,
respectively. Therefore, U would be equivalent to another broad standardized test similarly
correlated with G3 reading. Prior research on the alternative potential confounders provide
additional benchmarks for interpreting the results. For example, meta-analytic evidence
suggests that executive function may have similar predictive power for academic performance
to the levels explored here (Cortés Pascual et al., 2019, 7 = .37), though these moderate
correlations are themselves potentially inflated by unobserved confounders (Spiegel et al.,
2021). In contrast, a variable such as teachers’ self-efficacy is unlikely to be strong enough to
explain the observed relationship (K. R. Kim & Seo, 2018, 7 = .07).

We can also use the residual variances of the G3 reading and G4 math latent variables to
determine how much variance there is left for a potential confounder to explain. In Model 3,
29% of the residual variance is unexplained for G3 reading, and 22% is unexplained for G4
math. Therefore, U must explain about 40-50% of the remaining variance in these variables
(% = 40% for reading, % = 53% for math), which is quite a high bar in social science
research where over 70% of the variation has already been captured by observed variables. In
sum, U must be quite strong as a confounding variable to change the results of the analysis,
both substantively and in terms of statistical significance. Therefore, the results of the
sensitivity analysis provide substantial protection against omitted variable bias.

Assuming for the moment that the path from G3 reading to G4 math is a causal one, how
should we interpret the indirect effect of MORE on G4 math? The indirect effect suggests
that improving G3 reading ability by .13 SDs would cause G4 math ability to improve by .07

SDs, holding the treatment constant (Pearl & Mackenzie, 2018), providing a measure of the
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mechanism of far transfer linking the MORE content literacy intervention with long-term
math outcomes. That is, treated students were able to successfully apply the reading skills

they developed through MORE to a new context of math problem solving.

3.3.3 Alternative Model Specifications

To further probe the stability of our results across alternative model specifications, we fit
concurrent mediator models of the G3 and G4 scores separately, each of which provides
evidence consistent with our underlying hypothesis that MORE promotes far transfer across
disciplines. For example, models of G3 reading mediating treatment effects on G3 math
(8 =.10,p < .01), and G4 reading mediating treatment effects on G4 math (8 = .06, p < .05)
yield positive indirect effects similar in magnitude to our main specification. Thus, however
specified, the data are consistent with reading skills as an underlying mechanism for the far
transfer effects observed on math performance.

Last, given the evidence that researcher-developed (RD) measures and independently-
developed (ID) measures function somewhat differently in educational RCTs (Gilbert &
Soland, 2024; Halpin & Gilbert, 2024; Wolf & Harbatkin, 2023), we fit a parallel mediator
model that estimates two latent variables for G3 reading, one loading on the RD measures of
vocabulary, content comprehension, and background knowledge, and the other loading on
the two state reading tests. We find positive direct effects of MORE on both the G3 reading
outcomes, at .15 SDs for the RD latent variable and .11 for the ID latent variable (both
p < .01), consistent with evidence that RD outcome measures are often more sensitive to
treatments than ID outcome measures. The path from G3 ID reading to G4 math is stronger
than in our main specification, at .63 SDs (p < .001) while the path from G3 RD reading to
G4 math is not significant, suggesting that the RD assessments do not provide substantial
predictive power for G4 math performance when broad G3 reading achievement measured
by state tests is controlled for. Thus, only the indirect effect through the G3 ID reading

latent variable is positive and statistically significant (8 = .06, p < .05). These results again
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underscore the importance of broad G3 reading skills captured by state tests as an important
mechanism on the path to G4 math achievement. We include a path diagram for this model

in Appendix C.

4 Discussion

Far transfer is an elusive yet intriguing educational and psychological phenomenon. The
present study leverages secondary data from a large-scale longitudinal randomized controlled
trial of the MORE sustained content literacy intervention to explore the potential mechanisms
of interdisciplinary far transfer from G3 reading to G4 math. While the original study showed
positive and statistically significant treatment effects of MORE on both near transfer G3
reading and far transfer G4 math, the potential mechanisms of the causal effects on the
G4 math outcome remained an open question. This study tested the hypothesis that
improvements in G3 reading caused by the MORE treatment that fully or partially mediate
the effect on G4 math.

Results of structural equation models provide strong evidence of partial mediation, with
about 50% of the treatment effect on G4 math explained by G3 reading, with a positive
and statistically significant indirect effect of .07 SDs, suggesting that at least one of the
ingredients in interdisciplinary far transfer from reading to math is the reading skills required
to understand math problems. Disaggregating the G3 reading mediator into its constituent
indicators showed that EOG reading scores and vocabulary were the strongest mediators, in
contrast to content-specific background knowledge and reading comprehension, suggesting
that broad foundations of unconstrained, generalized reading skills are necessary to support
far transfer, rather than constrained or content-specific skills such as background knowledge
(D. Bailey et al., 2017; J. Kim et al., 2021). Furthermore, the indirect effect size of .07 SDs is
substantial, considering that it represents about 25% of the effect of doubling math class time

(Cortes et al., 2015; Taylor, 2014), suggesting interdisciplinary instruction can be a potential
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lever for improvements in student learning across the curriculum.

What mechanisms could the remaining 50% of the treatment effect on G4 math not
explained by G3 reading reflect? While the results of Section 3.3.1 suggest that we can rule
out improved reading engagement and SEL as alternative mechanisms, by definition, the
remaining direct effect of MORE on G4 math represents all other, unmeasured mechanisms
from the treatment to the outcome, so we can only speculate and suggest that future
studies collect data on multiple potential mediators beyond standardized test scores, student
engagement, and SEL. For example, prior research has suggested that psychological measures
of executive function, working memory, motivation, attitudes toward school, general problem
solving, procedural flexibility, pattern recognition, parental involvement, social skills, curiosity,
creativity, or other skills may explain shared variation in reading and math skills and thus
may provide more insight into the mechanisms of far transfer in future research (Burgoyne
et al., 2017; Deming, 2017; Farhi et al., 2024; Liu et al., 2022; Mak et al., 2024; McClelland
et al., 2007; McCormick & Shira, 2022; McCoy & Sabol, 2025; Mielicki et al., 2024; Nakijoba
et al., 2024; Shvartsman & Shaul, 2024; Silla et al., 2024; Whitehead et al., 2024).

4.1 Methodological Considerations when Defining and Measuring

Transfer

Our analysis provides new insight into the mechanisms of learning transfer from reading to
math in an experimental context, but nevertheless raises some important conceptual questions
on the nature of quantitatively assessing far transfer. That is, we used the indirect effect of
MORE on G4 math through the mediating variable of G3 reading to empirically capture far
transfer, but this is not the only defensible approach to assess far transfer. Even within an
SEM context applied to a single data set, careful conceptual work is needed to determine
which paths in the model substantively reflect far transfer.

The first question to return to is, what is learning transfer? The research cited in Section

1 provides a range of perspectives, of which we highlight three here. Proceeding with the
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reading to math transfer example used in the present study, one perspective would suggest
that any effect of a reading intervention on math outcomes would reflect transfer, because
students are demonstrating gains in subject areas not directly trained. Such an approach is
consistent with the analysis of the original study that examined outcomes on G4 math as
evidence of far transfer. Statistically, this view of transfer is captured by the total effect of
the intervention in one domain on an outcome in another domain.

A second perspective would suggest that transfer is about the application of specific
skills to new contexts. For example, when students develop reading skills through reading
instruction, it is only when these skills are applied to solve math problems that transfer has
occurred. This conceptualization is more in line with the analytic approach of the present
study, which examined indirect effects as evidence of far transfer, because, if we can defend a
causal interpretation of the mediation model, the indirect effect tells us how an improvement
in the mediating or near transfer outcome translates to an improvement in the ultimate or
far transfer outcome. In other words, the indirect effect plausibly captures how students were
able to apply their reading skills in the new context of math problem-solving.

A third perspective suggests that transfer is defined not simply by new contexts or
applications, but much more generalized cognitive skills, for example, the “mindful abstraction”
of principles (Perkins & Salomon, 1989). In this case, reading skills employed on the math
test, e.g., decoding and comprehension of word problems with complex text, as shown in the
sample items Table 1, might be better categorized as relatively near transfer where only the
context, but not the content, is changed. That is, the foundation of far transfer would be
more general problem solving or cognitive skills because such skills could be applied regardless
of content area in multiple domains. Under this view, it is the direct effect of the treatment
on G4 math, holding constant G3 reading, that could truly represent far transfer, because the
direct effect represents all other pathways from the treatment to the outcome, such as general
problem solving skills or motivation, which could be better candidates for true generalization

underlying far transfer in multiple domains.
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Which of these divergent but plausible perspectives should we accept? While SEM
provides a statistically rigorous framework for evaluating all of these possibilities in a latent
variable context, the determination of when a statistical relationship represents far transfer
is a normative or substantive question and depends on the research question and research
context for meaningful resolution. In the context of this study, we argue that the indirect
effect of MORE on G4 math through G3 reading is the most meaningful measure of far
transfer, because it reveals the extent to which students were able to leverage their improved
reading skills as a result of a sustained content literacy intervention and apply them to a
new context of mathematical problem solving, which is ultimately what the designers of the
MORE intervention hoped for in supporting long term academic success in multiple disciplines.
The indirect effect framework also demonstrates the importance of multiple mediators, for
example, we observed that the unconstrained reading skills measured by the standardized
G3 EOG reading test and vocabulary knowledge, rather than more narrow, domain-specific
background knowledge emerged as the strongest components of the mediator in this analysis.
In other contexts, direct or total effects might better represent far transfer, depending on the
hypothesized mediators or moderators and the nature of the intervention itself. For example,
if in this study our only mediator included measures of working memory, engagement, or
motivation in G3, then the direct effect would better represent far transfer because it would
by definition reflect unmeasured G3 reading skills. In contrast, in an intervention that focused
on a general cognitive ability such as working memory, the total effect on any outcome other
than working memory would likely be of most interest.

Beyond the interpretational issues in the interpretation of far transfer in SEM, other
families of statistical methods entirely have been used to evaluate far transfer effects in
both causal and descriptive contexts. In addition to total effects on far transfer outcomes or
mediation analysis that is the methodological basis of this study (Abenavoli, 2019; J. S. Kim
et al., 2021; Melby-Lervag et al., 2016; Mohohlwane et al., 2024; Pages et al., 2023; Watts

et al., 2017), prior literature suggests two additional approaches to statistically evaluating far
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transfer. First, applications of explanatory item response modeling (Wilson & De Boeck, 2004;
Wilson et al., 2008) have operationalized transfer as a type of latent treatment heterogeneity
driven by individual item characteristics within a single assessment, such as whether a
vocabulary word was taught or untaught, or by the number of shared words and concepts
contained in a reading passage (Ahmed et al., 2025; Gilbert, 2024; Gilbert et al., 2023, 2024;
J. S. Kim et al., 2023; Sales et al., 2021). Second, moderation (i.e., statistical interactions)
can also represent transfer, with higher correlations between domains such as music, reading,
and math representing mutually beneficial, bidirectional relationships between disciplines
(Scripp, 2002; Scripp, 2007; Scripp & Gilbert, 2016). Such approaches are conceptually
similar to network psychometric models that estimate direct interactions between indicators
rather than postulate latent variables as common causes explaining correlations between
indicators (Borsboom & Cramer, 2013; Gilbert, Domingue, & Kim, 2025; Isvoranu et al.,
2022). In sum, evaluating transfer demands careful consideration of which method may be
most appropriate for the research question and context at hand. Ultimately, what empirical
quantity and which statistical model best represents far transfer is a substantive rather than
statistical decision, and interpreting transfer as a two-dimensional continuum of content and
context, rather than a dichotomy, provides a more nuanced and realistic view of the cognitive

issues at play (Barnett & Ceci, 2002).

4.2 Limitations

While the present study is bolstered by the strengths of its design as an RCT in a longitudinal
setting with multiple mediators and rich covariates, the results are nonetheless tempered
by the following limitations. First, item-level data for the standardized test outcomes is
not available, preventing analyses that could reveal whether the treatment had stronger
effects on, e.g., word problems or computation items. Such analyses would provide a more
fine-grained perspective on how transfer can manifest at the assessment item level (Gilbert,

Himmelsbach, et al., 2025; Gilbert et al., 2023). We view item-level analysis as a promising
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potential extension to the analysis presented here. For example, if our hypotheses about the
importance of the G3 reading mediator are correct, we would theoretically observe stronger
indirect effects on math word problems compared to computation only problems. Second, we
could only examine the two competing mediator variables of student reading engagement
and SEL, each of which is based on noisy self-report data, so we can only speculate about
what additional effects of the MORE intervention might explain the 50% of the total effect
on G4 math not mediated by G3 reading, though the literature cited previously provides
some candidate hypotheses. Third, while sensitivity analysis provides some protection against
confounding, the estimated path from G3 reading to G4 math is not likely to provide an
unbiased causal relationship, complicating the interpretation of the magnitude of the indirect
effect of MORE on G4 math. Finally, mediation analyses carried out at the aggregate level do
not necessarily capture individual cognitive processes (Bogdan et al., 2023; Borsboom, 2005),
and as such, qualitative work such as think-aloud protocols may be necessary to provide
insight into the realization of far transfer at the individual level.

It is also worth considering whether alternative mechanisms altogether, other than learning
transfer, could explain the pattern of effects observed in our data. For example, the teacher
professional development provided through MORE could in principle improve overall teaching
ability, which would improve both reading and math outcomes for students, without any
reading to math transfer occurring at the student level. While theoretically possible, we view
this alternative explanation of our findings as implausible for two reasons. First, the content
of the MORE professional development provided to treatment teachers was tightly focused on
the logistics and implementation of MORE lesson slides. MORE professional development did
not emphasize generalized teaching strategies that would be likely to impact student learning
across multiple subjects. Second, qualitative interviews with MORE teachers revealed that
only a small subset of teachers adapted MORE strategies to other settings, and none of the
examples provided suggested MORE impacted math instruction (Mosher et al., 2024). As

such, we believe that learning transfer is the most parsimonious explanation for our results.
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However, without data on teacher practices in the classroom, we cannot directly test the
hypothesis that general teaching ability was impacted by MORE, suggesting yet another area

for future exploration.

4.3 Conclusion

Interdisciplinary far transfer is theoretically important yet empirically rare. Therefore,
when researchers find strong evidence of causal far transfer effects in intervention research,
we should seek to understand the potential mechanisms by which far transfer operates.
This study showed that about half of the treatment effect of a sustained content literacy
intervention on G4 math was mediated by improvements in G3 reading and that this effect was
driven primarily by broad, unconstrained reading ability rather than content-specific reading
comprehension or background knowledge. Results are robust to high levels of unobserved
confounding, alternative mechanisms such as reading engagement and SEL, and alternative
model specifications. Our results underscore the importance of long-term and sustained
interventions targeting broad skills to lay the foundation of transfer, measuring multiple
outcomes and mediators, and thoughtful consideration of the appropriate statistical framework

to evaluate learning transfer in educational and psychological research.

5 Data and Code Availability

The data, code, and online supplemental materials (OSM) for this study are available at the
following URL: [will be added at publication].

Publicly available sample test items are available at the following URLs. G3 EOG Reading:
https://www.dpi.nc.gov/documents/accountability /testing /eog/bog3-eog-reading-grade-3-released-form.
G4 EOG Math: https://www.dpi.nc.gov/documents/accountability /testing/eog/eog-mathematics-grade-4-r

MAP: https://teach.mapnwea.org/impl/maphelp /Content/Testing/PracticeTest.htm
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Appendices

A Additional Details on Missing Data in Our Sample

Figure A1 shows the proportion of students that have missing values for each variable.
Missing data is highest for the researcher-developed measures administered in G3, due to the
COVID-19 pandemic in the 2020-2021 school year (G3 of our sample). Accordingly, in all of
our models, we use Full Information Maximum Likelihood (FIML) to account for missing

data (Enders & Bandalos, 2001).

B Correlation Matrices for Test Score, Student Engagement, and

SEL Variables
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Note: The x-axis shows the percent of students missing data for a particular variable, and the y-axis shows
the variable shorthand label. G = grade, s = student.

Figure A1l: Missing Data by Variable in Our Sample
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Note: ***p < .001. MAP = measure of academic progress, EOG = end of grade, CC = content comprehension,
BG = background knowledge, M = math, R = reading.

Figure B1: Correlations Among Test Score Variables

47



G3 Like | | G3 Feel | | G3 Ease

0.4
Corr: Corr: 2
0.2 0.612*** 0.237*** %
Corr: 2
0.325%** g
®
w
m
QD
&
2 0 3

Note: ***p < .001. G3 = grade 3. All scores are derived from Graded Response Models fit to Likert scale

survey data.

Figure B2: Correlations Among Engagement Variables

48



I Sens. Belong |

|

I Support. Rel

Teh. Stu.

Pos. Challenge | I Emo. Reg. | I Growth Mind | I Pos. Feel I I Self Eff. I
: :\/\/\/\/ Corr: Corr: Corr: Corr:
. 0.149*** 0.030 0.171** (0.132***
o oW @
1 Corr: Corr: Corr:
Oi E!i ! \/\,\I\,\/ 0.249*** (0.332*** (0.340***
_l ane a a : - "
: p2t:3 J_/v\/\/\/ Corr: Corr:
3 0.255%%*  0.401**
1 e v @ [ ] Corr
0 | 3 3 . ‘/\/\/\/ :
-1 [ ] e 0
i
l .- L a3 . 2 N : o oW 9
0 5 @S \/\/\/\/\/
-jml! iBld]
— ane 'a aa a a A A a
THH T
-1 [ ] [ BN ] [ ] [ ] [ ] [ ]
_2%2-2522 : Snidcionias
1
-1
_2 Qe
0 PO U U DUWW U 9 DO U9 [
-1 [ X ] o0 [ ] [ ] e} [ ] [ ]
3%%83.. $s ¢ it §
aea e " aeaaae a e ae o aa a
0 oS U U Dosew ¢ o DO B 0O [ ]
—1%5!3%! HH !3:3!: H
-2 e 8 o0 e © & 00D o e 8o ®e
e e e e

|
=
[N

|
=
o

|
N
|
=
o
=
|
N
|
=
o
-
|
N

=
o
=

Corr:
0.170%**

Corr:
0.327***

Corr:
0.281***

Corr:
0.436***

Corr:
0.379***

4

ee®c b © o ¢ semmssscs
BEB e » gos § tevrmmmt
®e®ma b 0o @ sesmmane

Se8§ o 008 § osdidianne
cema b 000 @ scsmmmmme

|

|
N

|
-
o

=

Corr:
0.091***

Corr:
0.428***

Corr:
0.427***

Corr:
0.423***

Corr:
0.510***

Corr:
0.487***

e

reieeed

=

agagass o
2-10 1

Corr:
0.085***

Corr:
0.162***

Corr:
0.124***

Corr:
0.291***

Corr:
0.188***

Corr:
0.358***

Corr:
0.270***

)

(]
L]
o

eeeoc
000 e
00® e

Corr:
0.093***

Corr:
0.252***

Corr:
0.270***

Corr:
0.354***

Corr:
0.289***

Corr:
0.554***

Corr:
0.434***

Corr:
0.285***

)

43 4eS I | 1994 'sod | |puwuw\ms| | 6oy ‘ow3 | |aﬁuanwo soal

I aremy 20 I | Buojag ‘suas |

| oa vioddng I

ms oL I

-3-2-10 -3-2-1 0

Note: ***p < .001. Scores represent proportions of positive responses to sets of indicators representing each
SEL subdomain (individual item responses not available).

Figure B3: Correlations Among SEL Variables
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C Path Diagram for Alternative Mediator Models

Intervention Period
(G1 Spring — G3 Spring)
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Read

MAP
Read

Cont.
Comp.

Vocab.

Back.
Know.

Note: *p < .05, **p < .01, ***p < .001. Factor loadings are labeled without p-values for clarity; all are
p < .001. RMSEA = root mean square error of approximation. SRMR = standardized root mean residual.
CFI = confirmatory fit index. Like = enjoyment of reading passages, Feel = reading self-concept, Ease =
perceived ease of reading passage. G1 control variables are included in the model but omitted from the figure
for clarity. The residual correlation between the mediators is r = .14, p < .01.

Figure C1: Results of fitted Structural Equation Model Including the Reading Engagement

Mediator
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Note: *p < .05, **p < .01, ***p < .001. Factor loadings are labeled without p-values for clarity; all are
p < .001. RMSEA = root mean square error of approximation. SRMR = standardized root mean residual.
CFI = confirmatory fit index. G1 control variables are included in the model but omitted from the figure for

clarity. The residual correlation between the mediators is r = .20, p < .001.

Figure C2: Results of fitted Structural Equation Model Including the Social-Emotional

Learning Mediator
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Note: *p < .05, **p < .01, ***p < .001. Factor loadings are labeled without p-values for clarity; all are
p < .001. RMSEA = root mean square error of approximation. SRMR = standardized root mean residual.
CFI = confirmatory fit index. RD = researcher-developed. ID = independently-developed. G1 control
variables are included in the model but omitted from the figure for clarity. The residual correlation between

the mediators is r = .89, p < .001.

Figure C3: Results of fitted Structural Equation Model Separating the Researcher-Developed
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and Independently Developed G3 Reading Measures
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