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Abstract – We learn not only from when interventions work—but also from why they do not. 

Policymakers embraced high impact tutoring to address pandemic learning loss, but scaling 

promising practices is difficult, and not all implementations prove effective. Using random 

assignment, we find null (math and a low-stakes reading test) and negative (-0.09 SD on state 

reading scores) impacts from assignment to a virtual tutoring program. Using frameworks for 

interpreting null results in education experiments, we identify subject-specific heterogeneity and 

contribute to the literature on dosage challenges for in-school tutoring. We also identify 

alignment of tutoring content with classroom instruction as a moderator warranting further study. 

This paper offers strategies for uncovering mechanisms behind unexpected results and designing 

theory-driven, policy-relevant evaluations. 
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Understanding not only when and where interventions are effective—but also why they 

sometimes fall short—can offer guidance for future implementation. We present findings from a 

district-wide randomized controlled trial (RCT) of a virtual math and reading tutoring program, 

highlighting not only the average null effects but also the critical implementation dynamics and 

contextual factors that likely explain them. The paper contributes to a growing literature that 

investigates how interventions are implemented, how they interact with existing support systems, 

and how well their content aligns with local standards and student needs. Examining the 

mechanisms behind both successful and unsuccessful interventions can generate insights to guide 

policy and strengthen the design of future educational interventions.  

However, the literature on understanding null and unexpected results (e.g., Jacob et al., 

2019) is often underutilized in applied practice. Null results papers often languish in the file 

drawer (Franco et al., 2014), but a blanket dismissal of such findings as uninformative conceals 

considerable and revealing heterogeneity. While well identified treatment effects share a 

common underpinning (i.e., a statistically significant contrast in average outcomes is observed 

across a treatment and control group), null results papers are unhappy in their own way – 

variously distinguished by insufficient statistical power, improper study design, flawed theory, 

weak implementation, or all the above. To demonstrate the value of using a null-results 

framework to guide exploratory analysis of educational experiments, we provide a practical 

illustration for how these concepts can be rigorously implemented in an applied context.  

The focal evaluation of an online tutoring program is well-situated to serve as an 

exemplar case thanks to the considerable base of empirical research on tutoring programs. 

Despite education being a field in which few interventions consistently “work”, the core theory 

of action for tutoring is uniquely well supported (e.g., Nickow et al., 2024). At the same time, a 
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growing body of literature has documented implementation challenges that arise when programs 

attempt to scale, including insufficient take-up and dosage (Bhatt et al., 2025; Heinrich et al., 

2014; Huffaker et al., 2025). The large tutoring research base, therefore, provides both an 

established theory of action as well as information about common implementation failures for 

our focal intervention. These insights from the literature facilitate our mapping of the null results 

framework onto features of our study. To implement our aligned diagnostic analyses, we then 

leverage rich, granular data available through research partnerships with both the online provider 

and school district. As a result of this process, we both contribute to evidence on drivers of 

effective, and ineffective, tutoring interventions and provide an accessible model for theory-

driven analysis of unexpected findings in experimental settings.  

Tutoring in Theory and Practice 

Tutoring, defined as one-on-one or small group instruction, has become a leading strategy 

to support student learning. During the pandemic, most states directed federal relief dollars from 

the CARES Act and ESSER toward tutoring programs (LePage & Jordan, 2021; U. S. 

Government Accountability Office, 2024). This proliferation reflects a robust body of causal 

research demonstrating consistently large and positive effects on students’ achievement, with 

effect sizes typically ranging from 0.20 to 0.40 SD and exceeding those associated with other 

common in-school supports (Baye, 2019; Dietrichson et al., 2017; Nickow et al., 2024; Slavin et 

al., 2011).  

Researchers attribute tutoring's outsized effects to several core features (see Nickow et 

al., 2024; Robinson & Loeb, 2021). The small instructor-to-student ratio enables a degree of 

instructional personalization that whole-class instruction cannot replicate. Tutors can identify 

and address individual misconceptions in real time, adapt pacing to student need, and provide 
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immediate corrective feedback. Tutoring is also embedded in a sustained, caring relationship 

between tutor and student, which research suggests is itself a meaningful driver of motivation, 

engagement, and learning. Additionally, tutoring provides students with additional targeted 

instruction and practice time, allowing for the kind of repeated, scaffolded exposure to content 

that struggling learners in particular benefit from. Programs that attend deliberately to these 

features are referred to as "high-impact tutoring" (Robinson & Loeb, 2021).  

The high-impact tutoring model validated by these studies (i.e., delivered by a trained and 

caring adult during the school day at least three-times a week) requires intensive inputs that may 

be difficult to provide at scale (White et al., 2023). Moreover, a developing literature has begun 

to examine additional dimensions along which tutoring efficacy is moderated, such as dosage 

and alignment with classroom instruction (Huffaker et al., 2025; Jackson & Shakeel, 2025; Kraft 

et al., 2024). Supporting these concerns, a recent meta-analysis finds that the benefits of tutoring 

tend to decline as districts expand their programs. In attempt to reduce costs and streamline 

implementation, districts often relax some program features (Kraft et al., 2024). The rapid 

expansion of virtual tutoring represents one attempt to implement high-impact tutoring at scale, 

but the effects of changing the delivery modality are only beginning to be understood.   

Virtual Tutoring 

Virtual tutoring – in which students are in school but they meet with their tutors through 

video conference – has become a popular approach for providing tutoring during the school day, 

at least in part because it helps to address a persistent challenge of tutor recruitment (White et al., 

2023). Virtual tutoring allows for recruitment from a larger geographic area and eliminates 

commuting costs for tutors, which likely increases local supply as well. However, due to their 

relative newness, prominent meta-analyses of tutoring do not describe the effectiveness of virtual 
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tutoring programs. We are only recently learning about the efficacy of virtual tutoring programs 

(Carlana & La Ferrara, 2025; Kraft et al., 2024; Neitzel & Storey, 2024; Ready et al., 2026; 

Robinson et al., 2025). Carlana & La Ferrara (2025) found that virtual tutoring by university 

students increased middle school students’ scores on a researcher-administered test of math by a 

magnitude comparable to in-person tutoring impacts (ES=0.20 SD).  

Other studies have identified effects that are positive but smaller than those consistently 

found for in-person tutoring programs (Ready et al., 2026; Robinson et al., 2025), with some 

indications that low dosage and technological challenges may drive the attenuated effects (Kraft 

et al., 2024). Robinson et al. (2025) found that K-2 students assigned to receive virtual tutoring 

increased their early literacy skills by 0.05-0.08 SD, on average. Similarly, a study conducted by 

Ready et al. (2026) demonstrated that assignment to virtual early literacy tutoring in 1st through 

4th grade increased student achievement on a literacy assessment by about 0.05 SD. Finally, the 

Personalized Learning Initiative (PLI) research team recently released interim results from the 

2023-24 school year demonstrating that virtual tutoring can increase middle school student math 

achievement by approximately 0.10-0.12 SD (Bhatt et al., 2025). To our knowledge, no studies 

have rigorously examined the impact of school-based virtual tutoring on reading achievement for 

late elementary and middle school students and on math achievement for late elementary school 

students.  

The Present Study 

To further this emerging evidence on virtual tutoring, we conducted an RCT of a virtual 

math and reading tutoring program which upper elementary and middle school students attended 

during the school day as part of a district-wide intervention block. We address a preregistered1 

confirmatory research question (RQ1): What is the effect of being assigned to receive 
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synchronous, small-group virtual math and reading tutoring on the end-of-year math and reading 

test scores of students grades 3 through 8? In contrast to the broadly positive evaluation literature 

for tutoring programs (Nickow et al., 2024), we estimate null results on three of four key 

outcomes, and negative impacts on one outcome. Despite prevailing norms in the research 

community that elevate the value of statistically significant estimates, null results – especially if 

precise and unexpected – are often highly informative (Abadie, 2020). 

Null Results in Social Science Experiments 

We therefore draw on frameworks for learning from null and negative findings in social 

science experiments to better understand our results (Alrababa’h et al., 2023; Jacob et al., 2019; 

Riis-Vestergaard, 2023). Prior research highlights four categories of explanation for null results 

to an affirmative hypothesis: (1) a lack of statistical precision, (2) flawed or inappropriate 

research design, (3) an insufficient theory of action (e.g., a misunderstanding of features of the 

counterfactual, intervention mechanisms, or other determinants of the treatment-control 

contrast), and (4) implementation challenges or limitations. However, how these categories look 

in practice, particularly (2)-(4), will vary depending on the field of study and program of interest. 

The rich data afforded by our research partnerships with both the provider and focal school 

district allow us to investigate these explanations in the context of a virtual tutoring field 

experiment.  

Applying the Framework 

The two primarily empirical categories – (1) statistical precision and (2) research design 

– are addressed in our methods and results sections, and do not explain our topline findings. 

Rather, we confirm that our experiment featured successful randomization and was sufficiently 
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powered to detect effect sizes approximately one quarter of those identified, on average, by a 

high-impact tutoring meta-analysis (Nickow et al., 2024). 

To unpack the latter pair of potential explanations for null results – (3) the theory of 

action and (4) the quality of program implementation – we draw on insights from tutoring 

research. First, with respect to the theory of action (category 3), the experiences of control-group 

students may lead to null results, even for well-designed tutoring programs, in two ways: (a) 

counterfactual supports and (b) spillover. Students in the control group often also  receive 

supplemental academic supports. The growing practice of providing tutoring during the 

conventional school day has expanded participation (e.g., Bhatt et al., 2025) but also made it 

more difficult for researchers to conceptualize an appropriate counterfactual. Students not 

assigned to in-school tutoring are likely supported by “business-as-usual” (BaU) intervention 

practices during an “intervention block” or “math/reading support” section. BaU practices could 

include receiving informal small-group instruction from a teacher or using adaptive online 

educational software. Thus, many studies of in-school tutoring programs do not measure tutoring 

versus no supportive instruction, but tutoring versus a different form of supportive instruction, 

which will tend to attenuate estimated tutoring effect. This study typifies this dynamic: tutoring 

was adopted in large part due to a Texas state mandate, House Bill 4545 (HB 4545), to provide 

small group interventions during the school day to all students who failed to meet math and/or 

reading benchmarks. As our intent-to-treat (ITT) sample is restricted to students below this 

threshold, control students were also supposed to receive supplementary instruction.  

Second, researchers and practitioners have hypothesized that positive spillovers to non-

tutored students may occur when a large proportion of their classmates receive tutoring, which 

might, again, bias effect estimates towards zero (Nickow et al., 2024). A direct pathway for this 
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effect would be if in-class tutoring effectively reduces the size and heterogeneity in the 

instructional caseload for the classroom teacher. For example, if half the class receiving online 

tutoring frees the classroom teacher to provide more individualized attention to the control 

students, they may see gains in achievement that shrink the gap in treatment and control group 

performance, even if the tutoring program is effective. Berlinski et al., (2023) also finds evidence 

that a highly effective reading tutoring program indirectly induced positive externalities via peer 

effects for non-tutored students by improving the average achievement of their classmates and 

possibly reducing peer misbehavior. To the extent that targeted tutoring interventions reduce 

variation in classroom skill-level by raising the skills of the lowest achieving students, all 

students may benefit from more efficient instructional targeting from the classroom teacher 

(Duflo et al., 2011). Thus, a pair of compelling mechanisms – counterfactual supports and 

spillovers to the control group – are the basis for our exploratory analysis of category 3. 

The quality of program implementation for the treatment group (category 4) can also be 

explored along multiple dimensions. Indeed, there are so many potential ways that tutoring 

programs can struggle to deliver their programming as intended (e.g., insufficient tutor training, 

technological challenges, not tailoring instruction to student need) that it is neither feasible nor 

wise to pursue every channel. As such, we focus on two dimensions that are both measurable 

using our study data and have surfaced as moderators for the efficacy of a wide range of tutoring 

interventions in the extant literature: (c) insufficient treatment group dosage, and (d) 

misalignment between intervention content and classroom instruction (Huffaker et al., 2025; 

Kraft et al., 2024; Shmoys et al., 2026).  

Despite the overall strong research base for tutoring (e.g., Nickow et al., 2024) dosage 

(i.e., the delivery of tutoring in sufficient quantity) has long posed challenges for otherwise well-
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designed programs. Effective programs tend to provide tutoring for at least 30 minutes, three 

times a week, but few consistently reach those benchmarks (Bhatt et al., 2025; Huffaker et al., 

2025; White et al., 2021), and students cannot benefit from tutoring if they receive little of it. In 

earlier tutoring studies, dosage tended to be constrained because tutoring was offered outside of 

the school day and the students who needed it most did not attend consistently (Heinrich et al., 

2014; Huffaker et al., 2025; White et al., 2021). In recent years, schools and providers have 

moved tutoring into the school day to address this problem. However, this has introduced new 

challenges that perpetuate the dosage problem (e.g., Kraft et al., 2024). School-day tutoring 

requires the re-allocation of scarce instructional time, as well as complex student scheduling and 

staffing choices. For example, tutoring-eligible students often also receive supportive services 

aligned with IEP or English language acquisition goals, and these supports can compete and 

crowd each other out (see Huffaker et al., 2025). Planning and coordination across providers and 

schools becomes essential but is often overlooked during the roll out of new programs (Huffaker 

et al., 2025; Ready et al., 2026). Limitations in provider capacity, delayed implementation 

timelines, and high absenteeism among tutoring-eligible students also drive low tutoring dosage 

(Nickow et al., 2024).  

The final challenge to tutoring implementation that we explore is the alignment of tutored 

content with core classroom instruction. A small but growing body of research (e.g., Huffaker et 

al., 2025; Jackson & Shakeel, 2025; TNTP, 2025) recognizes this pathway as related to, but 

distinct from, mere dosage. That is, students who receive a lot of tutoring that is not aligned with 

the material covered in their core, classroom instruction still may not show growth on grade-

level standards-aligned assessments. And students who receive little tutoring but on classroom-

aligned instruction may improve on narrow subtopic scores, if not summatively. Jackson and 
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Shakeel (2025) provide direct, experimental evidence on the importance of core instruction-

aligned tutoring. Students who were randomly assigned to receive literacy tutoring using the 

same instructional materials as whole-group instruction outperformed those tutored with other 

high-quality intervention materials by 0.12 SD. Additionally, a simulation study by TNTP (2025) 

found that even with equalized dosage, a strategy which aligns instruction to student need by 

remediating key below-level prerequisites while also addressing grade-level material 

outperforms a pure remediation strategy. While students with substantial unfinished learning 

may still grow from tutoring programs that do not reach grade-level material, this growth is 

unlikely to be detected on their grade-level standards-aligned assessments.  

Exploratory Research Questions  

We explore each tutoring-specific explanation for null effects in turn. Broadly, we ask: 

(RQ2) To what extent do components of our applied null results framework explain our topline 

findings? Table 1 summarizes the scope of this analysis. To interrogate the empirical relevance 

of features of the counterfactual, we ask: Did students in the control group either benefit directly 

from BaU interventions mandated by HB 4545 (RQ 2a) or indirectly from spillovers generated 

by the virtual tutoring program (RQ 2b)? Next, to understand the role of implementation in 

moderating tutoring efficacy among the treatment group, we ask: What are the associations 

between tutoring quantity (RQ 2c), content covered in tutoring (RQ 2d), and student 

achievement? Insights from these analyses supplement our topline experimental findings to 

sharpen a theory of action for virtual tutoring, inform future research, and improve 

implementation for similar interventions. We rule out control group supports as explaining our 

topline findings and we find limited evidence of spillovers. Instead, our analysis suggests the 

primary shortcomings of this program were insufficient dosage in literacy and a failure to align 
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tutored content with the breadth and emphasis of state standards. While misalignment is also a 

problem for in-person programs, it could be exacerbated when districts contract with virtual 

tutoring providers as neither their developers nor tutors are often embedded in the local 

educational context. This study also provides evidence that top-down statewide tutoring 

mandates may fail to replicate the large effects identified by the tutoring literature if the scaling 

efforts that ensue dilute implementation.  

More broadly, in seeking to understand why a particular intervention yielded null results, 

this paper highlights the importance of interrogating not just when and where interventions 

succeed, but also why they sometimes fail to produce expected effects—offering valuable 

insights for theory, policy, and future research.  

The Virtual Tutoring Intervention 

We study the implementation of a virtual tutoring program embedded during the school 

day in a suburban public school district in Texas during the 2021-22 school year. Previously, this 

district held tutoring initiatives after school, on Saturdays, or during the summer. These tutoring 

programs focused primarily on students who did not meet grade level standards and were funded 

from a variety of sources, including federal and state funding for economically disadvantaged 

students (i.e., Title I) and compensatory education. Following the onset of the COVID-19 

pandemic, in June 2021, the Texas legislature approved HB 4545 which mandated – but did not 

fund – a minimum of 30 hours of small group or individual instruction during the school day in 

each subject a student did not pass in the previous year’s State of Texas Assessments of 

Academic Readiness (STAAR) end-of-course (EOC) tests (Tex. H.B. 4545, 2021). District 

leaders instructed all schools to include an intervention block for all students during the 2021-

2022 school year, and these intervention blocks, which ran five days a week for at least 45 
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minutes at the elementary level and for 60 minutes at the secondary level, became the primary 

way in which the district sought to provide the state-mandated in-school tutoring hours under HB 

4545.  

 Our study tests the effectiveness of one of the programs used during these intervention 

blocks. During the spring of 2021, the district partnered with a virtual tutoring provider to pilot 

small-group tutoring to students in five elementary and middle schools, as a supplement to 

school-based interventions. For the 2021-2022 school year, the district expanded access to virtual 

tutoring with the goal of supporting 1,680 students in grades three through eight across 28 

schools.  

The research practice partnership (RPP) that facilitated study of this scale up began in 

early 2021, prior to the expanded implementation. In this partnership, the research team worked 

closely with both the district and the tutoring provider throughout the study, collaborating on 

research design, data collection protocols, and key programmatic decisions. This close 

collaboration afforded the research team ongoing visibility into implementation details as they 

unfolded—including delays in program delivery and low student participation—and facilitated 

access to detailed administrative and program data that would not have been otherwise available. 

Critically, the partnership was established before the scale-up began, allowing the research team 

to prospectively design data collection systems and ensure that the measures needed to answer 

the study's core questions were in place from the outset. At the same time, the depth of the 

ongoing partnership proved equally valuable once results were known. Discussions with district 

and provider partners after analyses were complete surfaced additional data sources and 

contextual details that helped the research team interpret null findings and situate them within the 

program's implementation history.  
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The district identified 7,096 students as eligible for math tutoring, reading tutoring, or 

both based on whether they scored below grade level on the fall 2021 Measures of Academic 

Progress (MAP) tests.2 As designed, the virtual tutoring program mirrored many of the common 

characteristics of effective tutoring. Impactful programs tend to have three or more tutoring 

sessions per week, focus on building student-tutor relationships, employ formative assessments 

to personalize instruction, align with school curriculum, and provide tutors training and support 

(Robinson & Loeb, 2021).  

We were also interested in the experiences of students in the control group (RQ 2a and 

2b). District administrators reported that students who were eligible for small group intervention, 

but not assigned to virtual tutoring, received a range of instruction from teachers, trained 

interventionists, and computer-based instructional software. Instructional group sizes varied and 

were reportedly larger than virtual tutoring groups, although district leaders indicated that most 

were no larger than 1:6. We refer to the range of intervention services provided to students in the 

control group as BaU supports. 

The virtual tutoring, specifically, was not implemented as intended, providing additional 

motivation for our exploration dosage (RQ 2c) and alignment (RQ 2d). First, with respect to 

dosage, the program faced unanticipated staffing delays as tutors could not begin work before 

completing background checks, despite being employed remotely. This delay pushed the scaled-

up implementation from the fall to spring semester. Additionally, while selected students were 

originally scheduled to receive tutoring five days a week, attendance logs indicate that about 

80% of students assigned to tutoring attended three or fewer days per week. Conversations with 

teachers and principals suggested that some schools used their intervention periods for reading 

and math instruction two days a week each. This approach conflicted with the district’s plan for 
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students assigned to virtual tutoring to receive daily support in just one subject area. On average, 

students who attended at least one tutoring session received 10 hours of tutoring total—

substantially less than the 30 hours mandated by HB 4545. Second, in terms of content 

alignment, students were supposed to receive tutoring on a subset of grade-level standards that 

they had not yet mastered. Their progress was intended to be assessed by the provider to 

personalize their learning. However, the provider expressed that aligning student tutoring with 

standards emphasized in classroom instruction and assessed on the end-of-year state test was a 

work in progress. Finally, while virtual tutoring was conducted as planned in small groups (i.e., 

an average tutor-student ratio of 1:3) students were not assigned to a consistent group or tutor. 

Most students received a new tutor for each session they attended, reducing opportunities for 

relationship building.  

Data and Sample 

Data for this study come from the district’s student information system and the tutoring 

provider’s session logs. Thanks to the joint RPP with both the district and the provider, unusually 

rich and granular data on both student’s experience in tutoring and their academic performance 

could be combined into our analytic dataset.  

Data and Measures 

We use enrollment data for the 2021-2022 school year for students in grades 3 through 8, 

which describe school and grade membership as well as characteristics including gender, free 

and reduced lunch status (FRL), race and ethnicity, English Language Learner (EL) status, and 

Special Education status. The demographic categories used are what is reported in the district's 

administrative data set and may not represent the full range of student identities and experiences. 

All students are marked as either Male or Female. All students are marked as one of the 
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racial/ethnic categories listed in the Table A1 or as Multiracial. No students are listed in more 

than one racial/ethnic category.  

The district files also include fields on students’ eligibility and treatment status. They 

indicate whether a student was eligible for a math and/or reading intervention under their 

interpretation of HB 4545 and whether they were required to receive additional supports, 

encompassing virtual tutoring and BaU interventions. Dummy variables for assignment to virtual 

tutoring (i.e., the experimental treatment) reflect the random assignment we conducted among 

eligible students. 

We then merge in data on students’ achievement. We observe students’ achievement on 

the NWEA Measures of Academic Progress (MAP) and State of Texas Assessments of 

Academic Readiness (STAAR) standardized test for the 2020-2021 and 2021-2022 school years. 

The MAP assessments for math and reading measure student achievement and growth at 

multiple time points during the school year (see online appendix for additional detail). The 

district administers STAAR tests to all students grades 3 through 8 to measure students’ mastery 

of the Texas Essential Knowledge and Skills (TEKS) curriculum standards. Unlike the MAP 

assessments, STAAR exams can be consequential for students and schools. We standardize both 

MAP and STAAR test scores by grade-level and subject using districtwide assessment data.3 In 

addition to using test score data as dependent variables, we use pre-intervention MAP (fall 2021) 

and STAAR (spring 2021) scores as control variables in our primary models and in exploratory 

quasi-experimental analyses. STAAR data are also used to characterize the frequency with which 

specific standards (i.e., TEKs) are tested.   
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Finally, we leverage session-log metrics from the tutoring provider to better understand 

implementation. We use indicators for session attendance, session duration, and coverage of 

TEKs to capture content coverage and dosage in the intervention.  

Analytic Sample 

Our analytic sample is the pool of all 3rd through 8th grade students who were eligible for 

tutoring (i.e., they scored below grade-level on fall 2021 MAP reading and/or math) and enrolled 

in a school and grade-level that randomized a subset of students into virtual tutoring. Because 

some schools declined to implement virtual tutoring, we restrict our analytic sample to school-

grade strata where at least one student participated in at least one virtual tutoring session. 

Additionally, because eligibility for tutoring was subject dependent, we estimate the effects of 

assignment to tutoring across subject specific sub-samples. A CONSORT diagram (Figure 1) 

summarizes the flow of students in each subject from eligibility through randomization and 

block-level implementation to the analytic and estimation samples.  

Table A1 reports summary statistics for the pooled sample of students (N=3,398) 

identified as eligible for virtual tutoring in math (N=2,843) and/or reading (N=2,237). Panel A 

presents baseline student traits, panel B presents average exposure to virtual tutoring, and panels 

C and D aggregate pre- and post-intervention test-scores, respectively. The experimental sample 

is almost 90% FRL eligible, 18% classified for special education services, and 35% classified as 

ELs. Half of tutoring-eligible students are categorized as Hispanic, and 38% as Black. These 

shares align with the overall ethnoracial composition of the district but reflect a greater 

concentration of poor students (i.e., 90% versus approximately 60%) than the districtwide 

population. 
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Research Design 

This section details the stratified randomization process and how we account for this 

assignment structure to estimate the intent-to-treat effects of the virtual tutoring program. The 

share of students randomly assigned to the treatment group was constrained by the district’s 

contract with the tutoring provider. Within each participating school, virtual tutoring was 

supposed to be delivered to eight students per subject in each elementary grade 3-5 and sixteen 

students per subject in each middle grade 6-8. However, because of large variation in the number 

of eligible students between schools, before randomization occurred, we reassigned some 

tutoring seats from school-grade-subject blocks with few eligible students to blocks with many 

eligible students. Students could only be assigned to virtual tutoring in one subject and therefore 

students eligible for tutoring in both math and reading were less likely to be assigned to 

treatment for a particular subject compared with a student only eligible for tutoring that subject. 

Therefore, randomization effectively occurred not just within school-grade-subject strata but 

within school-grade-subject eligibility strata.  

Conditional on strata membership (same school, grade, and subject-eligibility), average 

expected outcomes under no treatment should be equal across the virtual tutoring and BaU 

conditions. We cannot test this directly for unobservable traits, but we assess balance on 

observable baseline covariates using both statistical tests and standardized effect sizes, following 

What Works Clearinghouse guidance (Institute of Education Sciences, 2022). Table 2 reports 

means and standard errors for all eligible students (Columns 1 and 5), the BaU group (Columns 2 

and 6), and the virtual tutoring group (Columns 3 and 7). Columns 4 and 8 present the strata-

adjusted treatment–BaU difference with Hedges' g beneath. No individual difference is 

statistically significant, and we fail to reject joint. In terms of effect sizes, no characteristic 
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exceeds the WWC threshold of 0.25 for g. The characteristics in each sample that fall in the 

0.05–0.25 SD adjustment band are included as covariates in our impact models, satisfying 

WWC's adjustment requirement. These results establish average baseline equivalence on both 

significance and effect-size criteria. 

Empirical Strategy 

Our main, preregistered analysis estimates the effects of being assigned to the virtual 

tutoring program (i.e., the ITT effect) instead of the BaU interventions on student MAP and 

STAAR test scores (RQ 1). We then deploy quasi-experimental and descriptive strategies to 

unpack our core results (RQ 2).  

Estimation of Intent-to-Treat Effects 

To answer our confirmatory research question, we use the following estimating equation:  𝑌𝑖𝑠 =  𝛽0  +  𝛽1 𝑀𝑎𝑡ℎ𝑇𝑢𝑡𝑜𝑟𝑖𝑠 + 𝛽2 𝑅𝑒𝑎𝑑𝑇𝑢𝑡𝑜𝑟𝑖𝑠  + 𝛼𝑋𝑖  + 𝛾𝑠 + 𝜇𝑖𝑠 (1) 

Where, 𝑌𝑖𝑠 is our outcome of interest, either spring 2022 MAP or STAAR test scores in either 

math or reading. 𝑀𝑎𝑡ℎ𝑇𝑢𝑡𝑜𝑟𝑖𝑠 and 𝑅𝑒𝑎𝑑𝑇𝑢𝑡𝑜𝑟𝑖𝑠 are indicator variables taking the value of 1 

when student i in randomization strata s was selected for tutoring in either subject. 𝛽1 and 𝛽2 are 

the ITT coefficients of interest. They capture the estimated effects of being selected to math or 

reading tutoring respectively on outcome 𝑌𝑖𝑠. When 𝑌𝑖𝑠 is a math test score, 𝛽1 estimates the 

direct effect of assignment to virtual math tutoring on math achievement. 𝛽2 captures any ITT 

effect of being eligible for math tutoring but being assigned to reading tutoring instead. Such an 

effect might appear if, for instance, tutoring in one subject crowds out intervention time in 

another. Interpretations are reversed when 𝑌𝑖𝑠 is a reading outcome. 𝑋𝑖 is a student-level vector 

of demographic characteristics including administrative ethnoracial and gender categories, 

special education, and EL identification, and 𝛾𝑠 are school-grade-eligibility fixed effects that 
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capture our randomization structure. 𝜇𝑖𝑠 is the residual term. Standard errors are 

heteroskedasticity-robust (Abadie et al., 2023; see online appendix for additional details). 

We explore potential heterogeneity in virtual tutoring effects with respect to RQ 1 across 

a few dimensions. Because prior research has found that the efficacy of educational interventions 

varies by subject and age (Bloom et al., 2008), we subset our sample to estimate grade-specific 

ITT effects. Additionally, we present ITT estimates by ethnoracial category, EL, and special 

education identification status. By examining heterogeneity across baseline traits, we can 

identify for whom virtual tutoring may have differential effects versus a BaU intervention. 

Finally, we estimate ITT effects by tested-language subsample. We do so because test scores are 

standardized across both languages within each grade-level4 and disaggregation allows us to 

observe whether estimates are similar for English and Spanish-language administrations. 

Null Results Analysis 

We conduct a series of follow-up analyses to answer our exploratory research question 

RQ2 and better understand our main results. Specifically, we investigate whether our 

experimental results are plausibly explained by features of the control condition, including (2a) 

control group supports and (2b) spillovers, or by treatment characteristics, including (2c) 

quantity of tutoring received and (2d) the alignment of tutored content with grade-level state 

standards. These analyses are exploratory and descriptive in nature, and we caution against 

drawing causal conclusions from them. Instead, we use them to further develop hypotheses to 

guide the implementation and study of future virtual tutoring interventions. Additionally, we note 

that while student-level dosage and coverage research questions (i.e., associated with 

components 2c and 2d) were included in the exploratory section of the analysis plan, we did not 

pre-register the item-level analysis for 2c or the regression discontinuity analyses used in 2a and 
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2b. We pre-registered our analysis before receiving actual data on the implementation context 

that made such analyses feasible. In the Discussion, we draw from this experience to propose 

how a null results framework can help researchers develop structured and theory-grounded pre-

analysis plan in the face of data and design uncertainties. 

Counterfactual Supports & Spillovers (RQ 2a and 2b): One reason a program may not 

look effective is if it is compared to a particularly effective control condition, or if students in the 

control condition receive spillover benefits from treatment. For this study, the control condition 

is students who receive other interventions under HB 4545. These interventions may be 

benefiting students. To test this possibility – and answer RQ2 with respect to components 2a and 

2b (Did the control group benefit either directly from non-tutoring HB-4545 eligibility or 

indirectly from the virtual tutoring program?) – we leverage the arbitrary threshold for small 

group intervention eligibility introduced by HB 4545 within a regression discontinuity (RD) 

design. This strategy allows us to capture the effect of just qualifying for math or reading support 

under HB 4545. We apply this approach across key sub-samples to draw comparative insights. 

Figure A1 presents the eligibility surface for both interventions using the district-wide sample of 

students with non-missing fall scores (N=13,187). Students with scores just below the x-axis are 

eligible for math tutoring, while those with scores just left of the y-axis are eligible for reading 

supports.  

To assess RQ 2a, we use the RD strategy to estimate the impact of BaU interventions 

among only students not assigned to virtual tutoring. This comparison addresses the question: did 

control group students benefit from receiving the non-tutoring (i.e., BaU) small group 

interventions? We construct this comparison by restricting our sample to the schools that 

participated in the virtual tutoring experiment. We then separately estimate the effect of marginal 
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eligibility for HB 4545 small-group intervention among students assigned to receive virtual 

tutoring (i.e., our treatment group) and students assigned to receive BaU interventions (i.e., our 

control group). If, for example, these analyses yield positive estimates for students just under the 

district’s HB 4545 in both groups, then our null RCT results would be explained by students in 

the virtual tutoring treatment and BaU control groups both receiving effective interventions.  

Next, to test RQ 2b, we use observations from schools that did not participate in the 

virtual tutoring experiment in order to infer whether virtual tutoring did in fact create positive 

spillovers to control group students. To do this, we estimate the effect of a student being just 

barely eligible for HB 4545 interventions in schools that had intended to implement virtual 

tutoring but never did so. These schools are plausibly similar to those in our main sample, and 

they allow us to observe whether BaU interventions were similarly effective in schools that did 

and did not also provide virtual tutoring. If the provision of virtual tutoring to some students in 

an intervention classroom has positive spillovers – for instance, by freeing up teachers to work 

with smaller intervention groups – then the effect of HB 4545 eligibility should be greater in 

schools that took part in the virtual tutoring experiment versus in schools that did not. 

Meanwhile, in the absence of spillovers, we would expect similar RD estimates for students 

eligible for HB 4545 interventions in schools without virtual tutoring and for similarly HB 4545-

eligible, control group students in schools with virtual tutoring.  

We estimate these various effects (i.e., 𝛿1) of HB 4545 eligibility for students near the 

threshold using the following equation:     𝑌𝑖𝑔 = 𝛿0 + 𝛿1𝐵𝑒𝑙𝑜𝑤𝑖𝑔 + 𝛿2𝑅𝑢𝑛𝑛𝑖𝑛𝑔𝑖 + 𝛿3𝐵𝑒𝑙𝑜𝑤𝑖𝑔 × 𝑅𝑢𝑛𝑛𝑖𝑛𝑔𝑖 + 𝛼𝑋𝑖  + 𝛼𝑔 + 𝜉𝑖𝑔 (2) 𝑊ℎ𝑒𝑟𝑒 𝑅𝑢𝑛𝑛𝑖𝑛𝑔𝑖  is the continuous forcing variable centered at 0 within each grade level (i.e., a 

transformed MAP fall 2021 score). 𝐵𝑒𝑙𝑜𝑤𝑖  is an indicator variable taking the value of 1 when 
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the fall 21 MAP test score for student i in grade-level g was below the eligibility cut-off for 

intervention.5 The interaction term 𝐵𝑒𝑙𝑜𝑤𝑖𝑔 × 𝑅𝑢𝑛𝑛𝑖𝑛𝑔𝑖  allows the relationship between the 

running variable and the outcome to vary on either side of the cut score. 𝛼𝑔 controls for grade-

level membership and 𝑋𝑖 is a vector of baseline student demographic characteristics. 𝜉𝑖𝑔 is the 

residual term. Standard errors are heteroskedasticity-robust. For our primary results, we use 

bandwidths selected to minimize mean-squared error using the Calonico et al. (2014) procedure. 

Following Lee & Lemieux (2010), we also present ITT RD across a variety of alternative 

bandwidths and with unrestricted data in the online appendix. We follow best practices in 

attending to core assumptions, including establishing the integrity of the forcing variable (Figure 

A2), the strength of the first stage (Figure A3), and examining covariate balance across the 

threshold (Table A3) (Institute of Education Sciences, 2022). We find that our data are consistent 

with the maintained assumption of an RD design – treatment assignment is as-good-as-randomly 

distributed near the cut-score. 

Dosage and Alignment of Tutored Content (RQ 2c and 2d): We use a variety of 

approaches to explore the remaining components of RQ2: could implementation shortcomings in 

terms of dosage (component 2c) or alignment (component 2d) explain our main results? We first 

use random assignment to treatment as an instrument for the quantity of virtual tutoring received, 

aggregated at the student-level from session-log data. On the intensive margin, the two-stage 

least squares (2SLS) estimation strategy scales the ITT estimates from RQ1 by the difference in 

average hours of virtual tutoring received by students in the treatment versus control condition. 

On the extensive margin, the estimates are scaled by the difference in the share of students that 

received any tutoring in the treatment versus the control condition. If noncompliance with virtual 
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tutoring assignment was high, this approach could reveal virtual tutoring effects not precisely 

captured by the ITT effects. 

Because compliance (i.e., the average treatment-control contrast in quantity of tutoring 

received) was known to be low, the 2SLS strategy still might not recover the true effect of the 

program when delivered at the recommended dosage (i.e., 30 hours). Bhatt et al. (2025) and 

Huffaker et al. (2025), for instance, begin consistently identifying tutoring effects when dosage is 

800-1000 minutes (i.e., 13-16 hours). Therefore, we also leverage school-grade block-level 

variation in virtual tutoring dosage among students assigned to treatment to explore effect 

heterogeneity by tutoring quantity. We do this by introducing an interaction between a 

continuous block-level dosage measure and treatment assignment indicator to our experimental 

(RQ1) model and by repeatedly restricting the sample of blocks to those meeting increasingly 

higher dosage thresholds (e.g., 50% of the recommended dose, 60%, etc.). Thus, we estimate the 

experimental ITT effect among increasingly high-fidelity blocks. While these estimates may not 

be generalizable to low fidelity school-grade blocks, they do capture internally valid causal 

estimates. This is because randomization occurred at the student-level within blocks and thus 

block-level dosage is exogenous to individual student characteristics (i.e., due to motivation, 

attendance, etc.). 

 Next, to explore the role of curricular alignment in moderating virtual tutoring effects 

(2d), we estimate the relationship between receiving virtual tutoring on a particular learning 

standard (i.e., TEK) and achievement on test items related to that same standard among treatment 

group students. Leveraging both item-level state-test data and the fact that the tutoring logs 

indicated which TEKs were covered in a particular session, we compare the probability of 
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correctly answering a question on the spring STAAR test for TEKs covered in a students’ virtual 

tutoring sessions versus TEKs not covered in tutoring. 

Formally, we estimate the following linear probability model with within-student and 

within-TEK fixed effects: 𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑞𝑡𝑖 = 𝛽0 + 𝛽1𝑇𝑢𝑡𝑜𝑟𝑒𝑑𝑞𝑡𝑖 + 𝛿𝑖 + 𝜏𝑡 + 𝜎𝑞𝑡𝑖  (3) 

where 𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑞𝑡𝑖 is a binary variable that is 1 when student i answers question q correctly, and 0 

otherwise. 𝑇𝑢𝑡𝑜𝑟𝑒𝑑𝑞𝑡𝑖 is an indicator variable that is 1 when student i  received tutoring on the 

TEK t, tested by question q. 𝛽1 is the coefficient of interest and can be interpreted as the 

difference in the probability of answering an item correctly if a student received virtual tutoring 

on that TEK, versus if they did not. 𝜎𝑞𝑡𝑖 is the error term clustered at the student level. 𝛿𝑖 and 𝜏𝑡 

represent, respectively, the student and TEK fixed effects that undergird the quasi-experimental 

logic of this estimation strategy.  Crucially, these fixed effects address two central sources of 

potential selection bias. First, because this is a within-student estimator, we are not merely 

affirming that students who attend more tutoring, and thus cover more content, did better on the 

test. Second, because this is a within-TEK estimator, we are implicitly controlling for TEK-level 

characteristics, such as difficulty, using observations from students that both did and did not 

receive virtual tutoring in that standard. While idiosyncratic, non-random pairing between 

virtually tutored TEKs and students is still a concern, rendering these estimates not strictly 

causal, this approach attends to the most concerning sources of systematic bias. 

 Finally, we explore the role of curricular coverage strategy in moderating the detected 

program effects by characterizing the emphasis and breadth of learning standards in tutoring 

versus on the state assessment. To do so, we compare TEK tutoring coverage with three 

measures of TEK emphasis by the state. First, we use Texas’s classification of TEKs as either 
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“readiness” (i.e., tested every year) versus “supporting” (i.e., only tested some years). Second, 

we calculate the share of the 2022 STAAR items that assess a particular TEK. Third, using item-

level test data from students not included in the experimental sample, we calculate the average 

rate of correctly answering 2022 STAAR questions on each TEK as a measure of TEK difficulty. 

Using these measures, we describe the TEKs covered in virtual tutoring sessions by subject, 

grade-level, our out-of-sample measure of difficulty, frequency of assessment, and state-

indicated priority level. 

Results 

Table 3 reports the effects of assignment to the virtual tutoring program compared to 

students assigned to the in-person, BaU supports. 

Effects of a Virtual Tutoring Experiment (RQ1) 

We do not find evidence that being assigned to receive virtual tutoring has a meaningful 

effect on students’ end-of-year (EOY) MAP and STAAR test scores, except for their reading 

STAAR scores. In our preferred regression model with baseline controls, null results from 

assignment to treatment are precisely estimated for both math tests (Columns 3 and 6, Panel A). 

However, we find that assignment to virtual tutoring reduced student reading STAAR scores by 

0.091 standard deviations (p < 0.01). Conversions equate an elementary reading score decline of 

this magnitude to approximately 3.5 fewer months of learning (Bloom et al., 2008) or a 3.4 

percentile point drop (von Hippel, 2024). This pattern of null to negative results is stable across 

alternative specifications (see Tables A4 and A5 in the online appendix). A plausible hypothesis 

for the divergence in MAP and STAAR reading effects is that BaU interventions were likely to 

be systematically aligned with the high-stakes STAAR, rather than the low-stakes MAP test. We 

interrogate the relative efficacy of virtual versus BaU tutoring with respect to standards-aligned 
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proficiency in more detail below. Finally, we do not find evidence of meaningful between-

subject crowding out. The impact of assignment to reading tutoring on math achievement (and 

vice versa) are null in all Table A6 specifications except for a marginally significant negative 

effect on math STAAR when baseline controls are used. 

We also consider other sources of effect heterogeneity based on students’ academic and 

demographic characteristics (see Tables A7 through A9). Among our most notable observations 

from these results is that the STAAR reading effect is predominantly driven by substantial 

negative impacts in 4th (ES=-0.19 SD) and 5th (ES=-0.16 SD) grade (see Table A9, Column 4, 

Panels B and C for more details). 

Null Results Analyses (RQ2) 

Next, we report the results of our supplementary quasi-experimental and descriptive 

analysis to understand the null and negative estimated effects of this virtual tutoring experiment.  

Counterfactual Supports (2a) & Spillovers (2b) 

 Table 4 presents the results of our regression discontinuity estimates of the effects of 

eligibility for HB 4545 small-group intervention (i.e., BaU interventions or virtual tutoring) 

across multiple tests and sub-samples. Before proceeding to the comparisons constructed to 

reveal any counterfactual and spillover effects, we present, for context, the aggregate ITT 

estimates for HB 4545 supports across the entire district in Columns 1 and 5. These results 

indicate that the district’s 2021-22 implementation of state-mandated, small-group interventions 

was ineffective for marginally eligible students. In math (Panel A), eligibility caused a 

statistically significant 0.068 SD (Column 1) decline in MAP scores. We also estimate a negative 

but imprecise (-0.051 SD) effect on STAAR scores (Column 5). Marginal eligibility for reading 

tutoring (Panel B) had no statistically significant impact on either STAAR or MAP scores. This 
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null result holds even for STAAR reading scores, where we had identified a negative relative 

effect of assignment to virtual tutoring versus BaU in our experimental analysis.  

Next, we present estimates of the effect of marginal eligibility for HB 4545 small group 

intervention among the experimental sample, separately for students assigned to the virtual 

tutoring treatment (Columns 2 and 6) and for those assigned to the BaU control (Columns 3 and 

7). The estimated ITT coefficients among the control group students are null on all outcomes, 

with small positive magnitudes for reading and small negative magnitudes for math. Among 

treated students (Columns 2 and 6), the HB 4545 eligibility effect was negative on the math 

MAP (ES = -0.105 SD), but the negative STAAR reading effect from the experimental results 

does not appear. This indicates that the relative inefficacy of virtual vs BaU tutoring on STAAR 

reading may have been driven by low proficiency students farther from the eligibility threshold.  

Taken together, while we cannot rule out that very low-achieving students who are not 

captured in our RD design benefited from the interventions, our results strongly suggest the null 

and negative experimental results are not explained by control and treatment group students both 

receiving effective interventions (RQ2a). Instead, it appears that nearly on-level students would 

have been better off in math, and equally well off in reading, without being eligible to receive the 

prescribed HB 4545 supports – BaU or virtual tutoring – during the intervention period. 

Our results are also only weakly consistent with the positive spillover hypothesis (RQ2b), 

especially for math tutoring. In the presence of positive spillovers, we would expect students 

receiving BaU interventions to benefit more from those supports in schools that also provided 

virtual tutoring. However, when we compare HB 4545 effects across otherwise plausibly similar 

schools with and without virtual tutoring (i.e., Columns 3 vs. 4 and 7 vs. 8) we find only small 

differences. The effect of intervention eligibility on math scores is approximately 0.07 to 0.08 
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SD more positive in schools with virtual tutoring, which is directionally consistent with positive 

spillovers6 – though the estimated magnitudes are not statistically distinct from each other. For 

reading scores, we observe a nonsignificant positive difference (i.e., 0.063 SD) between control 

group student achievement in schools with versus without virtual tutoring in average MAP 

scores, but a nonsignificant negative difference of 0.036 SD on the STAAR assessment.  

Tutoring Dosage (2c) and Alignment (2d) 

 An additional hypothesis for the null and negative estimated ITT effects is that they 

understate the true effects of receiving – as opposed to just being assigned – virtual tutoring. We 

know that challenges in tutor clearance delayed implementation until spring semester of the 

implementation year. Few students were tutored for the target number of hours. Table 5 presents 

the results of supplemental quasi-experimental approaches to estimating the effect of treatment.   

First, we estimate an average hourly treatment on the treated effect (ATE) in the 

regressions summarized by Table 5. Specifically, we report the results of a two-stage least 

squares regression that estimates the effect of being assigned to virtual tutoring on hours of 

virtual tutoring received. ITT effects are then scaled by this first stage, yielding results 

directionally consistent with our experimental effect estimates. Students assigned to virtual 

reading tutoring received 8.25 hours (or just under 500 minutes) of this intervention on average, 

compared with approximately 7.6 hours (or about 450 minutes) received by students assigned to 

math tutoring (Table 5, Panel A). We find that the effect of receiving any virtual tutoring and of 

receiving an additional hour of virtual tutoring are null for both math assessments and on the 

reading MAP test. On the reading state assessment, consistent with our topline findings, we 

estimate that every hour of virtual tutoring in reading generates a statistically significant 0.01 SD 

decline in STAAR achievement relative to a BaU reading intervention (Table 5 Column 4).  
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We see that merely receiving some amount of virtual tutoring does not confer academic 

benefits. Given that Bhatt et al. (2025) only identify statistically significant tutoring effects in 2 

of 10 programs they examined where students received approximately 1000 or fewer minutes of 

annual tutoring, it is plausible that even if virtual tutoring could boost math or reading learning at 

some level of sufficient dosage, this threshold was not met. Alternatively, these results could 

indicate that time in virtual tutoring is simply not promoting mastery of assessed topics.  

To further explore the relationship between the effectiveness of virtual tutoring and 

dosage, we leverage variation in average dosage across randomized blocks (Figure A4). While 

estimated coefficients on the interaction between mean block-level dosage and treatment are not 

significant for any outcome, Figure 2 (also Table A10), which summarizes disaggregated 

experimental effects at increasing, discrete thresholds for block-level dosage, is revealing. Math 

results remain null at all dosage levels, with the imprecisely estimated coefficients becoming 

more negative. The negative STAAR reading effect is stable in magnitude but become 

statistically insignificant at the 50% of recommended dosage minimum threshold. However, the 

efficacy of reading tutoring with respect to the reading MAP does appear to improve as block-

level dosage increases. Overall, these results are suggestive that while the “dosage problem” is 

real for this and many other tutoring programs, it does not provide a decisive explanation for our 

pattern of findings. Indeed, the continued divergence in STAAR and MAP reading scores even at 

equivalent levels of dosage indicate that alignment in tutored content with assessed, grade-level 

material is a plausible moderator of tutoring effects.  

We therefore turn to a final vein of exploratory analysis to better understand why 

additional instructional time in virtual tutoring may not necessarily increase academic 

performance and examine the academic implications of instructional alignment by virtual tutors 
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(RQ 2d). Table 6 reports the results from our item-level analysis of the STAAR assessments. 

Columns 1 and 3 present ITT estimates on the probability of answering a given item correctly, 

which expectedly mirror our topline experimental results. Columns 2 and 4 report the within-

student difference in answering a question correctly based on whether a question is asking about 

a tutored versus non-tutored TEK. For math, we estimate that coverage of a TEK is associated 

with a 3-percentage point increase in the likelihood of answering the corresponding questions 

correctly (p<0.10). In reading, covering TEKs in virtual tutoring does not detectably improve 

student STAAR performance on aligned questions. The coefficient estimate is statistically 

insignificant, though positive (1.7-percentage points).  

Although student fixed effects absorb all student-level selection (e.g., total tutoring 

volume, motivation, and baseline achievement) and the TEK fixed effects controls for systematic 

variation in difficulty or complexity across standards, these are still not strictly causal 

associations because the coverage of standards was not randomly assigned within students. For 

instance, students who progress quickly through tutoring sessions cover more standards, such 

that mastery may produce coverage rather than the reverse. Tutors may also appropriately target 

below-grade-level skills (e.g., phonics rather than grade-level reading comprehension) for 

students with foundational deficits, and such students may exhibit both lower measured 

alignment to grade-level standards and slower growth on standards-aligned assessments. We note 

that these threats do not operate in a single direction, as readiness-based progression through 

content would inflate the coverage estimates, whereas targeting of students’ weakest skills would 

attenuate them; implementation reports also suggest fidelity to the planned diagnostic-adaptive 

targeting was low. Still, when we directly control for a measure of TEK difficulty, we obtain 

very similar estimates, and Figure 3 Panels C and D illustrate no association between assessed 
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difficulty and TEK coverage in virtual tutoring. Altogether, these results are suggestive that 

virtual tutoring from this program may be effective on covered standards in math but not in 

reading. 

As illustrated in Figure 3 Panels A and B, we also observe a notable difference across 

subjects in how tutoring coverage aligns with STAAR emphasis: a one-percentage point increase 

in the share of STAAR questions covering a particular TEK is associated with a six-percentage 

point increase in math tutoring coverage, but only a two-percentage point increase in reading 

tutoring coverage. To further explore the relationship between TEK coverage and student 

performance, we disaggregate each by grade-level. Figure 4 Panel A presents the average percent 

of TEKs covered during virtual tutoring sessions for students in each grade-level. TEK coverage 

in virtual tutoring for math is largely stable across grades, ranging from 10 to 13% of standards. 

Nearly all math virtual tutoring sessions focused on the “readiness” TEKs prioritized by the state 

– the average student assigned to math tutoring received lessons covering approximately a third 

of these TEKs (Figure 4, Panel B). For reading tutoring, however, TEK coverage ranged from 

only 6% in 6th grade to 15% in 5th grade. Furthermore, only an average of 21% of “readiness” 

TEKs but approximately 3% of the more numerous but less frequently tested “supporting TEKs” 

were covered during reading tutoring sessions.7 This is congruent with the stronger association 

between TEK-coverage and assessed frequency in math than reading (Figure 3, Panels A and B).  

Surprisingly, however, the variation in grade-level reading TEK coverage does not 

appear to explain ITT effects of virtual tutoring by grade (Table A9).  The negative effect of 

assignment to virtual tutoring on reading STAAR scores is driven by negative, statistically 

significant effects of -0.19 and -0.16 in 4th and 5th grade, respectively. Yet, the elementary grade 

levels had the largest share of the reading TEK curriculum covered in the treatment group. 
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Considered alongside the within-student-and-TEK estimates summarized above, this is more 

evidence that, while standards-aligned coverage was poor in reading compared to math, virtual 

reading tutoring may have simply been less effective than either math virtual tutoring or reading 

BaU supports at promoting state test achievement, even on tutored material.  

Discussion 

This study examines the effectiveness and underlying mechanisms of virtual tutoring, a 

potential approach to support high need students without relying on locally recruited tutors. 

Despite heightened post-COVID-19 demand for interventionists to facilitate high-impact 

tutoring, there is still limited empirical evidence on the effects of districts contracting with an 

online provider to deliver these services. Our evaluation shows that students randomly assigned 

to virtual tutoring as part of a state-mandated intervention performed on par with or worse than 

students who received the district’s “business-as-usual” mix of support strategies.  

On three of four endline assessments, we estimate precise null impacts from assignment 

to virtual tutoring compared with assignment to conventional small group instruction. However, 

on the state STAAR reading test, we estimate a statistically significant -0.091 SD intent-to-treat 

effect for virtual tutoring. This could imply that reading tutoring is, in general, less effectively 

delivered in a virtual modality than math tutoring. However, the heterogeneity in our estimates 

across subject, assessment, and grade-level motivated deeper exploration of the potential 

mechanisms underlying these topline effects. 

Insights for Online Tutoring Programs 

By combining data available through research-practice partnership from the partner 

district and tutoring provider, we weigh potential explanations for the topline null and negative 

results. We also leverage district-specific implementation details within the statewide policy 
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context of this experiment to deploy related quasi-experimental analyses. Table 7 summarizes 

the results of these exploratory analyses. We find compelling evidence that, relative to BaU 

interventions, insufficient dosage of aligned material best explains our results in math, while 

reading tutoring was marked by both poor alignment and inefficacy even on tutored content with 

respect to the state assessment. We do note these exploratory results warrant interpretive caution 

with respect to their causal validity. Unlike the experimental and regression discontinuity 

estimates, the within-student TEK estimates rest on tutored content that was not randomly 

assigned, reflecting both students’ pace through content and tutors’ appropriate targeting of 

below-grade-level skills. We read this uniquely granular, within-student coverage evidence as 

suggestive of the alignment mechanism rather than as strictly causal effects of tutored content. 

However, among only the randomized blocks where over half of the recommended 

dosage was received by students assigned to treatment, we observe positive effects in line with 

those observed in effective tutoring programs (i.e., ~0.2 SD) on reading MAP scores. A possible 

explanation for the persistent divergence of MAP and STAAR reading effect estimates is that the 

tutoring program, delivered in sufficient quantities, was effective at developing foundational 

literacy skills but, relative to BaU supports, not the higher-order organizational and writing skills 

that are only assessed on the STAAR. 

The null and negative regression discontinuity results also rule out beneficial 

counterfactual practices as a dominant explanation for our findings, at least for students near the 

“on-level” threshold. Our results are weakly consistent with the existence of small positive 

spillovers among BaU intervention students not assigned to virtual tutoring, possibly because 

virtual tutoring reduced caseloads of intervention teachers. However, the relevant differences are 

not statistically significant and should be considered speculative.  
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These observations carry weighty implications for policymakers seeking to support high-

need learners. While the “dosage problem” is already central to discussions of educational 

research and practice (Bhatt et al., 2025; Huffaker et al., 2025), the importance and challenge of 

crafting alignment across student need, instructional materials, classroom instruction, and grade-

level state standards is understudied. This study uses uniquely rich data to empirically highlight 

the centrality of this consideration for the effective design of virtual interventions, like tutoring. 

Virtual providers, especially if located out-of-state, may not deliver content aligned or responsive 

to state standards. In this case, our analyses indicated that BaU reading supports more effectively 

prepared students for the state assessment, but not a low-stakes exam.  

The normative implications of the MAP vs. STAAR reading effects gap may depend on 

whether achievement on a high stakes standardized examination is privileged by policymakers, 

practitioners, and families. In the case of HB 4545, STAAR achievement was the intended 

eligibility measure and therefore the implicit metric for success. However, if the STAAR score 

gap is really a “test prep” gap that disappears and may even be reversed on a diagnostic test, 

virtual tutoring may generate academic benefits equivalent to BaU interventions. Virtual tutoring 

could be an appropriate addition to a district’s suite of interventional strategies in that case.  

More fundamentally, the failure of the statewide mandate to provide small group 

interventions to all below-grade-level students and to boost their academic achievement carries 

implications for tutoring policymaking. Implementing personalized, small-group interventions on 

the timeline and scale required by HB 4545 would strain most districts. In our partner district, for 

example, approximately 43% of all third through eighth graders were eligible for tutoring when 

the bill was passed, a mere three months before the school year began. Given such constraints, it 

is understandable that many districts will contract with third-party providers, as they did here, to 
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meet urgent demands. This approach may be especially prevalent in districts with less developed 

internal systems for delivering targeted student support. While external providers can play a 

critical role in expanding capacity, our study suggests that contracting with a tutoring provider 

alone does not automatically confer the academic benefits observed in prior, often more tightly 

controlled, tutoring RCTs. Instead, our findings offer new evidence that states considering top-

down requirements for tutoring or similar interventions should invest in thoughtfully assessing 

and building schools’ capacity to support sustainable and effective scaling of these practices.  

Insights for Research  

This study also provides broader insights for empirical education research, especially 

with respect to field experiments. First, this study highlights the value of research-practice 

partnerships in educational policy evaluation, particularly for interventions where empirical 

evidence on underlying mechanisms is limited. Such partnerships afford access to rich data, 

institutional context, and implementation details that enhance the insights gained from a 

preregistered, experimental evaluation. Second, as educational research moves towards a deeper 

understanding of not just average program effects, but also of features of successful intervention 

implementation, unpacking the “black box” of null results from studies like this can add 

significant value to the knowledge base — provided sufficiently detailed data and knowledge of 

relevant coincident policies are available. A structured null results framework that links potential 

sources of null effects to the treatment-specific theory of action can help researchers develop a 

structured plan for the exploratory analysis of specific, relevant mechanisms. 

Third, we have used this study to further develop an integration of open science 

principles with null results analysis. Most of the exploratory analyses in this paper (i.e., including 

student-level dosage and session coverage questions) were preregistered. However, we believe 
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that future pre-analysis plans, including our own, can be substantively strengthened if researchers 

develop a more concrete framework for understanding the null hypothesis. Pre-analysis plans are 

typically structured around the theory of action: What should the treatment do, and for whom? 

While the theory of action and the theory of the null are in a sense inverses, reflecting explicitly 

on the latter may clarify what diagnostic analyses and data would be needed to distinguish 

among competing explanations for null effects (e.g., insufficient dosage, weak curricular 

alignment, implementation failures). This exercise also provides researchers with a roadmap to 

extract meaning in the event of null or unexpected results, which could reduce file drawer bias.  

However, imposing this structure on preregistered, but exploratory, research questions 

presents challenges. A persistent barrier to the broader adoption of rigorous open science 

principles in education research is the tension between practical considerations — where design-

relevant implementation details may not be understood until data are observed — and the 

scientific discipline that ought to be reflected in preregistered analyses (Dee, 2025; Olken, 2015; 

Banerjee et al., 2020). An aim of our study is to help researchers navigate this tension: learning 

from rich data while avoiding fishing expeditions. Understanding and responsibly negotiating 

this balance is likely to become even more central as advances in computational tools reduce the 

cost of running additional analyses (Gelman & Loken, 2014). The disciplinary role of pre-

registration may become an increasingly central researcher contribution to the analytic process. 

These three insights are also mutually reinforcing. The null results framework provides a 

structured basis for the conversations that research-practice partnerships make possible: rather 

than asking partners open-ended questions about available data, researchers can frontload the 

research process by linking “where might null results come from in this experiment?” with “how 

would we study such mechanisms?” And then, asking the practice partner “do such data exist, 
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and in what form?” This specificity, grounded in both the theory of action and open science 

principles, can strengthen empirical education research as an applied area of rigorous social 

science by continuing to shift consequential intellectual work into the design stage. 

Notes 

1. Registry ID: 13040.1v1 at Registry of Efficacy and Effectiveness Studies. 

2. Here, the district deviated from the state stipulation that assignment to small group 

instruction be based on the spring 2021 STAAR scores. Given lower than typical 

statewide STAAR participation rates for that administration (i.e., 86% in spring 2021 vs. 

98% in spring 2022), using fall 2021 MAP scores ensured more complete baseline data. 

3. While national norms exist for the NWEA English language assessments and state norms 

exist for STAAR exams, transforming scores for both tests using the same sample holds 

the underlying distribution of latent student ability constant. 

4. Scale scores are equivalent across administration languages according to the testing 

providers (NWEA, n.d.).   

5. We use a structural break method (Baum, 2015) to verify these cut points in the data. 

6. Using MAP scores, the effect of marginal eligibility for HB 4545 among control group 

students was -0.055 SD in schools that offered virtual tutoring (Table 4, Panel A, Column 

3) and -0.139 SD in schools that did not offer virtual tutoring (Table 4, Panel A, Column 

4), a difference of 0.084. Using STAAR scores, the effect of marginal eligibility for HB 

4545 among control group students was -0.024 SD in schools that offered virtual tutoring 

(Table 4, Panel A, Column 7) and -0.091 SD in schools that did not offer virtual tutoring 

(Table 4, Panel A, Column 8), a difference of 0.067. 
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7. Across grades 3-8, there are 250 math TEKs, of which 80 are readiness and 170 are 

supporting. In reading, excluding sub-TEKs, there are 71 readiness and 88 supporting 

TEKs. However, because tutoring logs do not classify tutoring sub-TEKs, we categorize 

TEKs as “readiness” if any sub-component was “readiness”. As such, we undercount the 

number of supporting TEKs tutored and assessed in reading. 
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Table 1. Summary of Null Results Analysis (RQ2) 

RQ2 Component Null Results Framework 

Category 

 Description of Application to 

Tutoring Context 
A Features of the 

counterfactual (3) 

Control group supports 

B Spillover to control group 

C Features of the treatment 

implementation (4) 

Quantity of tutoring (dosage) 

D Tutoring coverage (alignment) 

Note. RQ2 = research question 2. 



Figure 1. Participant Flow Through the Virtual Tutoring Experiment (CONSORT Diagram)

ENROLLMENT

RANDOMIZATION

ALLOCATION

IMPLEMENTATION

ANALYTIC
SAMPLE

ANALYSIS

Assessed for eligibility: district students enrolled in grades 3 8, 2021 22 (N = 16,621)

Panel A. Mathematics
Eligible: below grade level,

fall 2021 MAP math
n = 5,947

Not included in randomization:
20 blocks; n = 1,488 students

Randomized: n = 4,459
(84 school-grade blocks)

Virtual tutoring
n = 840

Block did not implement
(27 blocks): n = 268

n = 572

MAP: n = 510
STAAR: n = 522

Not observed: MAP 62; STAAR 50

Business-as-usual
n = 3,619

Block did not implement
(27 blocks): n = 1,348

n = 2,271

MAP: n = 1,981
STAAR: n = 2,019

Not observed: MAP 290; STAAR 252

Panel B. Reading
Eligible: below grade level,

fall 2021 MAP read
n = 4,818

Not included in randomization:
21 blocks; n = 1,212 students

Randomized: n = 3,606
(84 school-grade blocks)

Virtual tutoring
n = 840

Block did not implement
(26 blocks): n = 268

n = 572

MAP: n = 507
STAAR: n = 516

Not observed: MAP 65; STAAR 56

Business-as-usual
n = 2,766

Block did not implement
(26 blocks): n = 1,101

n = 1,665

MAP: n = 1,474
STAAR: n = 1,496

Not observed: MAP 191; STAAR 169

Note: Students eligible in both subjects appear in both panels (𝑛 = 1,682; pooled analytic 𝑁 = 3,398).

Randomization occurred within school × grade × eligibility strata. Inclusion in randomization and program

implementation were determined at the school-grade block level. Analysis boxes count students with the

indicated outcome observed (the unadjusted intent-to-treat samples, Table 3). MAP = Measures of Academic

Progress; STAAR = State of Texas Assessments of Academic Readiness.



 

 

 

Table 2. Baseline Characteristics by Tutoring Assignment 

  Eligible for Math Tutoring Eligible for Reading Tutoring  
All BaU 

Tutoring 

Virtual 

Tutoring 

Strata 

Adjusted 

Difference 

All BaU 

Tutoring 

Virtual 

Tutoring 

Strata 

Adjusted 

Difference 

  (1) (2) (3) (4) (5) (6) (7) (8) 

(A) Baseline 

Characteristics 

  
       

Female 0.521 0.512 0.555 0.013 0.417 0.420 0.409 0.006  
(0.009) (0.011) (0.021) g=0.087 † (0.010) (0.012) (0.021) g=-0.023  

FRL 0.896 0.899 0.886 -0.001 0.904 0.902 0.909 0.019  
(0.006) (0.006) (0.013) g=-0.044  (0.006) (0.007) (0.012) g=0.024  

American Indian/Native 

American 

0.014 0.013 0.021 0.007 0.013 0.013 0.012 0.000 

 
(0.002) (0.002) (0.006) g=0.073 † (0.002) (0.003) (0.005) g=-0.008  

Asian 0.007 0.008 0.004 -0.005 0.011 0.011 0.011 0.001  
(0.002) (0.002) (0.002) g=-0.058 † (0.002) (0.003) (0.004) g=-0.002  

Black 0.410 0.412 0.402 0.005 0.379 0.399 0.321 -0.054**  
(0.009) (0.010) (0.021) g=-0.019  (0.010) (0.012) (0.020) g=-0.160 † 

Native Hawaiian/Pacific 

Islander 

0.002 0.002 0.002 0.000 0.003 0.003 0.002 -0.000 

 
(0.001) (0.001) (0.002) g=-0.010  (0.001) (0.001) (0.002) g=-0.024  

Multiracial 0.020 0.019 0.025 0.008 0.017 0.018 0.014 -0.005  
(0.003) (0.003) (0.007) g=0.042  (0.003) (0.003) (0.005) g=-0.026  

White 0.042 0.041 0.046 0.003 0.046 0.042 0.059 0.003  
(0.004) (0.004) (0.009) g=0.025  (0.004) (0.005) (0.010) g=0.080 † 

English Learner 0.330 0.327 0.343 0.013 0.385 0.376 0.412 0.021  
(0.009) (0.010) (0.020) g=0.033  (0.010) (0.012) (0.021) g=0.075 † 

Special Education 0.195 0.207 0.149 -0.028 0.230 0.240 0.201 -0.015  
(0.007) (0.009) (0.015) g=-0.146 † (0.009) (0.011) (0.017) g=-0.094 † 

MAP Fall 21 Read (sd) -0.522 -0.566 -0.353 0.018 -0.962 -0.979 -0.909 0.010  
(0.017) (0.019) (0.037) g=0.242 † (0.014) (0.016) (0.026) g=0.110 † 

MAP Fall 21 Math (sd) -0.787 -0.806 -0.712 0.010 -0.701 -0.754 -0.548 0.033  
(0.012) (0.014) (0.027) g=0.143 † (0.018) (0.021) (0.036) g=0.238 † 

N Students 2809 2240 569 2809 2214 1651 563 2214 
F-stat, joint-significance 

   
0.684 

   
0.678 

Number of school-grade blocks 
  

2809 
   

2214 

Note. Columns 1-3 (5-7) show means with (standard errors) for the math (reading) sample. Columns 4 and 8 report the 

strata-adjusted treatment-BaU difference; Hedges' g is shown beneath each coefficient. BaU = business-as-usual; FRL = 

free or reduced-price lunch; IES = Institute of Education Sciences; MAP = Measures of Academic Progress; WWC = What 

Works Clearinghouse. Stars: * p<0.10, ** p<0.05, *** p<0.01. Daggers follow WWC baseline equivalence thresholds 

(IES 2022): † for 0.05<|g|<=0.25. No variable has |g|>0.25. All † variables are included as covariates in our impact models. 
Demographic categories reflect district administrative data and may not capture the full range of student identities. 



 

Table 3. Intent-to-Treat (ITT) Effects of Virtual Tutoring on Student Outcomes 

  MAP   STAAR 

 (1) (2) (3)  (4) (5) (6) 

(A) Impacts of Assignment to Math Tutoring on Math Achievement           

ITT Effect 0.034 0.030 0.009  0.016 0.016 0.004 

 (0.037) (0.037) (0.028)  (0.030) (0.030) (0.028) 

        

Observations 2491 2471 2471  2541 2517 2517 

(B) Impacts of Assignment to Reading Tutoring on Reading Achievement     

ITT Effect  0.002 0.010 -0.023  -0.078** -0.075** -0.091*** 

 (0.044) (0.045) (0.037)  (0.034) (0.035) (0.031) 

        

Includes design controls Yes Yes Yes   Yes Yes Yes 

Exclude observations missing baseline controls No Yes Yes  No Yes Yes 

Includes student baseline controls No No Yes   No No Yes 

        

Observations 1981 1965 1965  2012 1995 1995 

Note. This table presents the intent-to-treat effects of being randomized into either math or reading tutoring on achievement in that 

subject. Columns 1 through 3 summarize standardized MAP scores while columns 4 through 6 do so for the STAAR assessment. All 

specifications include fixed effects to control for the design of randomization strata. Columns 3 and 6 include additional controls for 

student baseline characteristics. Columns 2 and 5 present regression results using the model from Columns 1 and 4 and the sub-sample 

used for Columns 3 and 6 (i.e., the group of students with complete data on pre-intervention traits). Heteroskedasticity robust standard 

errors are in parentheses. MAP = Measures of Academic Progress; STAAR = State of Texas Assessments of Academic Readiness. * 

p<0.10, ** p<0.05, *** p<0.01. 



 

 

 

 

Table 4. Regression Discontinuity Estimates on the Effect of Eligibility for Tutoring 

  MAP   STAAR 

   

Schools Participating in 

Virtual Tutoring 

Experiment 

Schools That 

Initially 

Intended to 

Use Virtual 

Tutoring but 

Did Not    

Schools Participating in 

Virtual Tutoring Experiment 

Schools That 

Initially 

Intended to 

Use Virtual 

Tutoring but 

Did Not 

 

All HB 

4545 

Eligible 

vs. 

Ineligible 

Virtual vs. 

Ineligible 

Control 

(BaU) vs. 

Ineligible 

HB 4545 

Eligible vs. 

Ineligible   

All HB 

4545 

Eligible 

vs. 

Ineligible 

Virtual vs. 

Ineligible 

Control 

(BaU) vs. 

Ineligible 

HB 4545 

Eligible vs.  

 (1) (2) (3) (4)  (5) (6) (7) (8) 

(A) Math Outcomes                   

Direct ITT Effect -0.068** -0.105** -0.055 -0.139**  -0.051 -0.083 -0.024 -0.091 

 (0.032) (0.053) (0.042) (0.063)  (0.036) (0.067) (0.049) (0.072) 

          

Bandwidth +/- 7.61 8.367 9.152 7.265  8.944 9.03 9.731 7.805 

Effective Observations 4514 1800 2722 1183  5124 2035 2765 1201 

(B) Reading Outcomes           

Direct ITT Effect 0.015 0.060 0.060 -0.003  0.045 0.008 0.054 0.090 

 (0.034) (0.068) (0.045) (0.068)  (0.039) (0.068) (0.056) (0.072) 

          

Bandwidth +/- 11.24 11.51 13.89 9.667  9.511 13.17 10.7 10.61 

Effective Observations 5620 2149 3123 1215  4750 2595 2466 1384 

Note. Each cell presents the regression discontinuity results of tutoring eligibility and includes controls for grade level, baseline demographic and 

test-score covariates, and an indicator for whether students were eligible for tutoring in the other subject. Heteroskedasticity robust standard errors 

are in parentheses. BaU = business-as-usual; HB 4545 = Texas House Bill 4545; ITT = intent-to-treat; MAP = Measures of Academic Progress; 

STAAR = State of Texas Assessments of Academic Readiness. * p<0.10, ** p<0.05, *** p<0.01. 



 

 

 

 Table 5. Local Average Treatment Effects of Virtual Tutoring Among Randomized Blocks 

 Math   Reading 

 MAP STAAR  MAP STAAR 

  (1) (2)  (3) (4) 

(A) First Stage: Hours of Virtual Tutoring 7.612*** 7.571***  8.260*** 8.247*** 

 (0.308) (0.302)  (0.330) (0.326) 

      

(B) Hourly ATE 0.002 0.002  -0.003 -0.011*** 

 (0.003) (0.003)  (0.004) (0.004) 

      

(C) First Stage: Ever Received Tutoring 0.75935*** 0.76029***  0.75004*** 0.74922*** 

 (0.018) (0.018)  (0.019) (0.018) 

      

(D) LATE 0.01991 0.01774  -0.02958 -0.11812*** 

 (0.035) (0.035)  (0.046) (0.039) 

      

Observations 2471 2517   1965 1995 

Note. Panels (A) and (B) respectively report first stage and 2SLS results on the intensive margin for each math and 

reading assessment among the relevant sub-sample. Panels (C) and (D) report the same estimates on the extensive margin 

of tutoring receipt. Each regression includes controls for baseline student covariates and pre-intervention MAP test 

scores. Heteroskedasticity robust errors are in parentheses. 2SLS = two-stage least squares; MAP = Measures of 

Academic Progress; STAAR = State of Texas Assessments of Academic Readiness. * p<0.10, ** p<0.05, *** p<0.01. 



Figure 2. Intent-to-Treat Effects of Virtual Tutoring by Subject and Block-Level Dosage Threshold
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Note: Each point is the intent-to-treat (ITT) coefficient from a separate regression restricted to school-grade

blocks whose treated students received at least the indicated share of the recommended 30 hours of tutoring.

Vertical bars are 95% confidence intervals. Estimates control for randomization strata, baseline test scores,

and student demographic characteristics, with heteroskedasticity-robust standard errors. MAP = Measures of

Academic Progress; SD = standard deviation; STAAR = State of Texas Assessments of Academic Readiness.



 

 

 

 

Table 6. The Effects of Virtual Tutoring on Likelihood of Correct STAAR Responses 

  STAAR Math   STAAR Reading 

 Intent-to-treat Within-student  Intent-to-treat Within-student 

 (1) (2)   (3) (4) 

Any item 0.005   -0.012**  
 (0.01)   (0.00)  
      

Item on a covered TEK  0.029*   0.017 

  (0.01)   (0.01) 

      

      

Strata FEs Yes No   Yes No 

TEK FEs No Yes  No Yes 

Student FEs No Yes  No Yes 

Number of Students 2,843 459   2,237 444 

Number of Items 78094 16774   64087 16777 

Note. Each cell presents the intent-to-treat estimates of the impact of assignment to virtual tutoring to answering any 

particular question on the spring 2022 STAAR assessment correctly. Columns 1 and 3 summarize the overall impact and 

use heteroskedasticity robust standard errors. Columns 2 and 4 estimate the within-student difference in the probability of 

providing a correct answer for covered relative to non-covered TEKs, with standard errors clustered by student id. Only 

students assigned to tutoring are used to estimate columns (2) and (4). FE = fixed effects; STAAR = State of Texas 

Assessments of Academic Readiness; TEK = Texas Essential Knowledge and Skills. * p<0.10, ** p<0.05, *** p<0.01. 



Figure 3. The Relationship Between Tutor Coverage of Standards (TEKs) with Tested Frequency

and Difficulty
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Note: Panels A and B use TEK-level data derived from students assigned to virtual tutoring, 𝑁 = 1,680 (i.e.,

840 observations per panel). Panels C and D plot the same tutoring coverage data as A and B against the

average rate of answer correctness by TEK on the 2022 STAAR exam among district students not in the

experimental sample. STAAR = State of Texas Assessments of Academic Readiness; TEK = Texas Essential

Knowledge and Skills.



Figure 4. Average TEK Coverage Among Treated Students by Grade Level
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Note: Bars show the mean percentage of treated students tutored on each standard, averaged across standards

within the indicated group. Panel A disaggregates by subject and grade level; Panel B by subject and standard

type, where the state designates each standard as either a readiness or a supporting standard. TEK = Texas

Essential Knowledge and Skills.



 

 

 

 

Table 7. Summary of Null Results Analysis (RQ2) & Results 

RQ2 

Compon

ent 

Null Results 

Framework 

Category 

Description of the 

Application to 

Tutoring Context 

Analytic Strategy Key Findings: Math Key Findings: Reading 

A  

 

Features of the 

counterfactual (3) 

Control group 

supports 

Regression 

Discontinuity 

(RD) 

Control group 

supports ineffective 

Control group supports 

null to weakly positive 

B Spillover to control 

group 

RD sub-sample 

comparison 

Weak evidence of 

positive spillovers 

Very weak evidence of 

positive spillovers 

C  

 

Features of 

treatment 

implementation (4) 

Quantity of tutoring 

(dosage) 

Two-stage least 

squares; 

heterogeneity 

analysis by block-

level dosage 

Average dosage 

low: ~450 minutes, 

null ATE estimates; 

no effects at higher 

block-level dose  

Average dosage low: 

~500 minutes, negative 

STAAR ATE; small 

pos. MAP effects at 

higher block-level dose 

D Tutoring coverage 

(alignment) 

Standards-level 

fixed effects and 

descriptive 

analyses 

Coverage better 

aligned with testing 

emphasis; students 

perform better on 

tutored standards 

Coverage worse 

aligned with testing 

emphasis; students 

perform equivalently 

on tutored standards 

Note. ATE = average treatment effect; MAP = Measures of Academic Progress; RQ2 = research question 2; STAAR = State of 

Texas Assessments of Academic Readiness. 



MAP Administration Language  

Some students completed a MAP Reading test in Spanish. NWEA indicates that scale 

scores are equivalent across languages. The second set of tests are the State of Texas 

Assessments of Academic Readiness (STAAR) exams in mathematics and reading. While both 

the MAP and STAAR Reading tests primarily assessed fluency and reading comprehension, the 

STAAR also assessed components of writing process through “revising and editing” multiple 

choice response items.  

Standard Error Specification 

Given recent guidance that clustering standard errors given individual-level 

randomization may generate overly conservative estimates, our main analysis uses 

heteroskedasticity robust standard errors (Abadie et al., 2023). However, we check the 

robustness of these results in response to alternative standard error specifications in the appendix. 

This analysis includes implementing a design-based randomization inference procedure wherein 

estimate uncertainty is derived from the distribution of hypothetical treatment assignment rather 

than sampling error (Table A4). Our results are unchanged by this approach. 

Additional experimental specifications  

When baseline covariates are excluded in Columns 4 and 5, the reading STAAR effect is 

slightly attenuated toward zero (ES=-0.075 to -0.078). Table A4 shows that alternative 

constructions of the standard error (i.e., allowing for strata-level clustering and using 

randomization inference) do not meaningfully influence the precision of our results. And, 

because our preferred regression described by Equation 1 differs slightly from our originally 

planned estimation approach, we present the analogous pre-registered effect estimates in Table 

Online Appendix



A5. Null results are replicated and the negative STAAR reading effect is very similar (i.e., ES=-

0.081 SD).  

Turning to Table A7 replicates our null findings across key subgroups for the math and 

MAP reading assessments, but we do observe some sources of heterogeneity in the negative 

reading STAAR ITT effects. Specifically, the consequences of assignment to virtual tutoring on 

reading STAAR scores are most pronounced for students categorized as Hispanic, female, and 

not eligible for special education services.  

Finally, in Table A8, while not precisely estimated for the Spanish-language assessment 

due to the small sample size, we identify STAAR reading effects of equal magnitude across 

administered languages. While math STAAR and reading MAP ITT effects for Spanish-language 

testers differ (i.e., are positive and larger in magnitude) from the more precise nulls estimated on 

the English-language assessments, they carry large standard errors.  

 

 

Online Appendix



Variables Mean SD Minimum Maximum N

A. Fall 2021 Student Characteristics 

Female 0.49 0.50 0 1 3398

FRL 0.89 0.31 0 1 3398

American Indian/Native American 0.01 0.12 0 1 3398

Asian 0.01 0.10 0 1 3398

Black 0.38 0.49 0 1 3398

Hispanic 0.52 0.50 0 1 3398

Native Hawaiian/Pacific Islander 0.00 0.05 0 1 3398

Multiracial 0.02 0.14 0 1 3398

White 0.05 0.21 0 1 3398

ELL 0.35 0.48 0 1 3398

Special Ed 0.18 0.39 0 1 3398

B. Virtual Tutoring

Assigned to Reading Tutoring 0.17 0.37 0 1 3398

Assigned to Math Tutoring 0.17 0.38 0 1 3398

Hours Reading Tutoring Received 1.29 4.37 0 44 3398

Hours Math Tutoring Received 1.23 4.19 0 40 3398

C. Pre-Intervention Math Scores

STAAR Spring 21 Read (scale) -0.57 0.71 -5 3 2039

STAAR Spring 21 Math (scale) -0.54 0.62 -5 3 2042

MAP Fall 21 Read (sd) -0.55 0.83 -3 2 3364

MAP Fall 21 Math (sd) -0.62 0.75 -4 2 3372

D. Post-Intervention Math Scores

MAP Spring 22 Read (sd) -0.43 0.87 -4 2 2998

STAAR Spring 22 Read (sd) -0.48 0.78 -3 3 3042

MAP Spring 22 Math (sd) -0.48 0.85 -4 4 2989

STAAR Spring 22 Math (sd) -0.47 0.69 -3 5 3042

Table A1. Descriptive Statistics 

Notes: This table reports summary statistics for the sample of students eligible to be randomized

into virtual tutoring (i.e., the Intent-to-Treat sample) in math, reading, or both subjects. All data

are sourced from District administative data or the tutoring providor. * p<0.10, ** p<0.05, ***

p<0.010. ��������



Table A2: Outcome Attrition by Tutoring Assignment

All BaU Virtual Strata Adj. Difference
(1) (2) (3) (4)

Panel A: Math Sample
MAP Spring 22 Math 12.4% 12.8% 10.8% -1.06

(0.62) (0.70) (1.30) (1.56)
STAAR 2022 Math 10.6% 11.1% 8.7% -1.88

(0.58) (0.66) (1.18) (1.42)

N Students (Math eligible) 2843 2271 572

Panel B: Reading Sample
MAP Spring 22 Reading 11.4% 11.5% 11.4% 1.02

(0.67) (0.78) (1.33) (1.61)
STAAR 2022 Reading 10.1% 10.2% 9.8% 0.83

(0.64) (0.74) (1.24) (1.52)

N Students (Reading eligible) 2237 1665 572

Notes: Each row reports the share of eligible students missing the indicated outcome. Columns
1–3 show mean attrition (%) with (standard errors). Column 4 reports the strata-adjusted Virtual-
minus-BaU differential from a linear probability regression of the attrition indicator on treatment
with strata fixed effects and heteroskedasticity-robust standard errors; the coefficient and (standard
error) are shown in percentage points. Stars denote significance: * p<0.10, ** p<0.05, *** p<0.01.
Eligibility is defined as in the baseline balance table (Table 2).



Full sample N

Bandwidth 

+/- 10 N Full sample N

Bandwidth 

+/- 10 N

(1) (2) (3) (4)

Female 0.021 13499 0.030 6280 -0.016 13452 -0.009 5219

(0.015) (0.024) (0.013) (0.025)

FRL 0.011 13499 -0.007 6280 -0.012 13452 -0.026 5219

(0.010) (0.016) (0.009) (0.017)

American Indian/Native -0.001 13499 -0.001 6280 -0.001 13452 0.006 5219

(0.004) (0.005) (0.004) (0.006)

Asian 0.020*** 13499 -0.003 6280 0.018*** 13452 0.001 5219

(0.005) (0.005) (0.004) (0.005)

Black/African American 0.002 13499 0.001 6280 0.021 13452 0.009 5219

(0.016) (0.027) (0.014) (0.025)

Native Hawaiian/Pacific Islander -0.002 13499 0.000 6280 -0.002 13452 -0.005 5219

(0.001) (0.002) (0.002) (0.003)

Multiracial -0.002 13499 -0.005 6280 0.003 13452 -0.010 5219

(0.002) (0.003) (0.005) (0.007)

White -0.012* 13499 -0.010 6280 0.003 13452 -0.009 5219

(0.007) (0.010) (0.006) (0.012)

English Language Learner -0.018 13499 -0.022 6280 -0.023 13452 0.002 5219

(0.015) (0.022) (0.017) (0.028)

Special Education -0.020*** 13499 -0.013 6280 0.020** 13452 -0.000 5219

(0.007) (0.012) (0.009) (0.015)

STAAR 21 Math (Standardized) 0.045 8625 -0.052 3865 0.072*** 8605 -0.009 3326

(0.027) (0.038) (0.026) (0.048)

STAAR 21 Reading (Standardized) -0.070** 8540 0.039 3831 -0.104*** 8519 0.029 3308

(0.030) (0.044) (0.022) (0.035)

Observations 2491 2294 1833 1792

Note: Cells contain ITT estimates from individual regressions where the dependent variable is a baseline student covariate. The

running variable is fitted with flexible linear splines. Heteroskedasticity robust standard errors are in parentheses. * p<0.10, **

p<0.05, *** p<0.010. 

ReadMath

Table A3: Auxiliary Regression Discontinuity Estimates of Baseline Covariate Balance



Clustered by  

Strata

Randomizatio

n Inference

Clustered by 

Strata

Randomization 

Inference

(1) (2) (3) (4)

(A) Impacts of Math Tutoring on Math Achievement

ITT 0.009 0.009 0.004 0.004

(0.031) (0.029) (0.027) (0.027)

Observations 2471 2471 2517 2517

(B) Impacts of Reading Tutoring on Reading Achievement

ITT -0.023 -0.023 -0.091*** -0.091***

(0.034) (0.036) (0.033) (0.032)

Observations 1965 1965 1995 1995

Table A4: Intent-to-Treat (ITT) Effects of Virtual Tutoring on Student Outcomes, Alternative Standard Errors

MAP STAAR

This table presents the intent-to-treat effects of being randomized into either math or reading tutoring on

achievement in that subject, with alternatively constructed standard errors. All models include controls for

baseline characteristics, pre-intervention test scores, an indicator for assignment to virtual tutoring in the other

subject, and randomization strata * p<0.10, ** p<0.05, *** p<0.010.



Table A5: Intent-to-Treat (ITT) Effects of Virtual Tutoring on Student Outcomes, Pre-Registered Specification

Preferred

Pre-

registered Preferred

Pre-

registered

(1) (2) (3) (4)

(A) Impacts of Math Tutoring on Math Achievement

ITT 0.009 0.006 0.004 -0.001

(0.028) (0.026) (0.028) (0.026)

Observations 2471 2471 2517 2517

(B) Impacts of Reading Tutoring on Reading Achievement

ITT -0.023 -0.019 -0.091*** -0.081**

(0.037) (0.031) (0.031) (0.031)

Controls for grade-school block No Yes No Yes

Includes "eligible for both" indicator control No Yes No Yes

Controls for grade-school-subject-eligibility block Yes No Yes No

Observations 1965 1965 1995 1995

MAP STAAR

This table compares intent-to-treat effects of being randomized into either math or reading tutoring on

achievement in that subject across the preferred (e.g., Table 3, Column 3) versus pre-registered

specifications. All models include controls for baseline characteristics, pre-intervention test scores, and an

indicator for assignment to virtual tutoring in the other subject,. In Columns 1 and 3, heteroskedasticity

robust standard errors are in parentheses. In Columns 2 and 4, standard errors are clustered at the grade-

school block level.  * p<0.10, ** p<0.05, *** p<0.010.



(1) (2) (3) (4) (5) (6)

(A) Impacts of Assignment to Reading Tutoring on Math Achievement, Among Students Eligible for Math Tutoring in Blocks that Received Math Tutoring

Spillover ITT Efffct 0.027 0.026 -0.035 -0.018 -0.018 -0.055*

(0.048) (0.048) (0.033) (0.036) (0.036) (0.032)

Observations 2491 2471 2471 2541 2517 2517

(B) Impacts of Assignment to Math Tutoring on Reading Achievement, Among Students Eligible for Reading Tutoring in Blocks that Received Reading Tu

Spillover ITT Effect 0.040 0.043 -0.003 0.009 0.010 -0.012

(0.058) (0.058) (0.047) (0.043) (0.043) (0.039)

Includes design controls Yes Yes Yes Yes Yes Yes

Exclude observations missing baseline controls No Yes Yes No Yes Yes

Includes student baseline controls No No Yes No No Yes

Observations 1981 1965 1965 2012 1995 1995

Table A6: Intent-to-Treat (ITT) Effects of Virtual Tutoring on Cross-Subject Student Outcomes 

MAP STAAR

This table presents the intent-to-treat effects summarized of being randomized into either math or reading tutoring on achievement in the

other subject area if the student was also eligible for tutoring in that subject (e.g., for evidence of crowding out supports). Columns 1

through 3 summarize standardized MAP scores while columns 4 through 6 do so for the STAAR assessment. All specifications include

fixed effects to control for the design of randomization strata. Columns 3 and 6 include additional controls for student baseline

characteristics. Columns 2 and 5 present regression results using the model from Columns 1 and 4 and the sub-sample used for Columns 3

and 6 (i.e., the group of students with complete data on pre-intervention traits). Heteroskedasticity robust standard errors are in parentheses.

* p<0.10, ** p<0.05, *** p<0.010.



MAP STAAR MAP STAAR

(1) (2) (3) (4)

Male -0.017 -0.025 0.039 -0.022

(0.050) (0.045) (0.052) (0.041)

Observations 1165 1193 1132 1151

Female 0.028 -0.002 -0.076 -0.191***

(0.034) (0.037) (0.059) (0.052)

Observations 1306 1324 1323 1338

Hispanic 0.009 -0.007 0.016 -0.101**

(0.039) (0.039) (0.059) (0.048)

Observations 1291 1303 1313 1316

White 0.216 -0.376 -0.205 -0.070

(0.261) (0.239) (0.449) (0.329)

Observations 94 100 97 100

Black -0.012 0.034 0.026 -0.074

(0.047) (0.043) (0.079) (0.057)

Observations 978 1005 987 1011

Other 0.203 -0.142 0.033 0.076

(0.122) (0.142) (0.240) (0.175)

Observations 202 209 206 210

English Learner -0.020 -0.019 -0.003 -0.106*

(0.049) (0.050) (0.076) (0.058)

Observations 870 879 884 884

Not Classified English Lear 0.025 0.009 0.013 -0.096**

(0.036) (0.035) (0.057) (0.044)

Observations 1601 1638 1622 1653

Special Education 0.002 -0.064 0.055 -0.076

(0.091) (0.072) (0.102) (0.072)

Observations 476 491 487 500

Not Classified Special Edu 0.022 -0.001 -0.003 -0.102**

(0.030) (0.031) (0.048) (0.040)

Observations 1995 2026 2019 2037

Note: This table presents the intent-to-treat effects of being randomized into either math or

reading tutoring on achievement in that subject, by baseline demographic traits. All models

include controls for baseline characteristics, pre-intervention test scores, and indicator for

assignment to virtual tutoring in the other subject, and randomization strata. * p<0.10, **

p<0.05, *** p<0.010.

Math

 Table A7. Estimates of the Intent-to-Treat (ITT) Effect of Virtual Tutoring by Student Traits

Reading



MAP STAAR MAP STAAR

(1) (2) (3) (4)

ITT Effect 0.009 -0.001 -0.014 -0.095***

(0.028) (0.026) (0.034) (0.034)

Observations 2471 2371 1817 1830

(B) Spanish Language Assessments

ITT Effect - 0.109 0.142 -0.092

- (0.168) (0.098) (0.171)

Observations - 146 148 165

Math Reading

Note: This table presents the intent-to-treat effects of being randomized into either math or reading tutoring

on achievement in that subject, by baseline demographic traits. All models include controls for baseline

characteristics, pre-intervention test scores, an indicator for assignment to virtual tutoring in the other

subject, and randomization strata. * p<0.10, ** p<0.05, *** p<0.010.

Table A8. Estimates of the Intent-to-Treat (ITT) Effect of Virtual Tutoring by Assessment Language

(A) English Language Assessments



MAP STAAR MAP STAAR

(1) (2) (3) (4)

(A) Grade 3 Only

ITT Effect 0.071 0.012 -0.114 -0.021

(0.075) (0.073) (0.081) (0.068)

Observations 560 564 464 465

(B) Grade 4 Only

ITT Effect 0.007 -0.060 -0.100 -0.188**

(0.061) (0.059) (0.091) (0.073)

Observations 420 422 337 342

(C) Grade 5 Only

ITT Effect 0.024 0.009 0.072 -0.159***

(0.053) (0.059) (0.075) (0.058)

Observations 520 533 443 451

(D) Grade 6 Only

ITT Effect -0.080 0.051 0.022 0.064

(0.078) (0.081) (0.116) (0.112)

Observations 287 296 220 222

(E) Grade 7 Only

ITT Effect -0.008 -0.022 -0.088 -0.004

(0.072) (0.063) (0.086) (0.086)

Observations 334 342 235 241

(F) Grade 8 Only

ITT Effect -0.088 -0.004 0.113 -0.131

(0.086) (0.086) (0.108) (0.095)

Observations 350 360 266 274

Note: This table presents the intent-to-treat effects of being randomized into either math or

reading tutoring on achievement in that subject, by student grade. All models include

controls for baseline characteristics, pre-intervention test scores, an indicator for assignment

to virtual tutoring in the other subject, and randomization strata. * p<0.10, ** p<0.05, ***

p<0.010.

Math Reading

Table A9. Estimates of the Intent-to-Treat (ITT) Effect of Virtual Tutoring by Grade



Table A10. Intent-to-Treat (ITT) Effects of Virtual Tutoring by Block-Level Dosage
Threshold

40% 45% 50% 55% 60% 65%
(12 hrs) (13.5 hrs) (15 hrs) (16.5 hrs) (18 hrs) (19.5 hrs)

(1) (2) (3) (4) (5) (6)

(A) Impacts of Math Tutoring on Math MAP Achievement

ITT Effect −0.014 0.014 −0.024 −0.069 −0.106 −0.314
(0.066) (0.067) (0.072) (0.079) (0.101) (0.204)

Observations 395 339 307 203 144 54
Blocks 12 11 10 7 5 2

(B) Impacts of Math Tutoring on Math STAAR Achievement

ITT Effect 0.005 0.013 0.024 −0.007 −0.091 −0.229
(0.068) (0.074) (0.079) (0.095) (0.118) (0.263)

Observations 399 343 311 206 145 55
Blocks 12 11 10 7 5 2

(C) Impacts of Reading Tutoring on Reading MAP Achievement

ITT Effect 0.019 0.076 0.123 0.256** 0.267* 0.160
(0.073) (0.081) (0.104) (0.123) (0.140) (0.190)

Observations 484 400 255 170 133 67
Blocks 17 14 10 7 6 4

(D) Impacts of Reading Tutoring on Reading STAAR Achievement

ITT Effect −0.159** −0.096 −0.059 −0.098 −0.047 0.001
(0.065) (0.073) (0.093) (0.125) (0.141) (0.173)

Observations 488 400 256 170 132 67
Blocks 17 14 10 7 6 4

Note: This table presents the intent-to-treat effects of being randomized into either math or
reading tutoring on achievement in that subject, restricting to randomization blocks where
treated students averaged at least the indicated percentage of the recommended 30 hours of
tutoring. All models include controls for baseline characteristics, pre-intervention test scores,
an indicator for assignment to virtual tutoring in the other subject, and randomization strata
fixed effects. Heteroskedasticity robust standard errors are in parentheses. * p<0.1, **
p<0.05, *** p<0.01.



Figure A1. Distribution of 2021 Assignment Scores for HB4545 Intervention Eligibility

Note: This figure plots district-wide (N=13,187) fall 2021 MAP scores for math and reading (including Spanish

language reading assesments) centered about the grade-specific intervention-eligibility thresholds. 
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Figure A3. Treatment Status for HB 4545 Intervention by 2021 Assignment Variable

Note: These show the relationship betwee district-indicated eligibility for academic intervention (i.e.,

aligned with HB 4545) and fall 2021 math (N=13,500) and reading (N=13,453) map scores, centered

about grade-specific cut-scores. Bin number = 30.
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Figure A4. Distribution of Average Dosage by Randomization Block


