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1 | Executive Summary 
1.1 Overview 
This report provides findings from the Utah Education Policy Center’s (UEPC’s) 2024-2025 evaluation 
of STEM Action Center’s K-12 Math Personalized Learning Software Grant Program. Using teacher 
surveys, student surveys, math learning software (MLS) usage data, and statewide administrative 
data, the evaluation examined five key evaluation questions related to the quality of MLS 
implementation, teacher and student perceptions of its value, and the relationship between MLS 
usage and student math attitudes and achievement. 

1.2 Key Findings 
EQ1. To what degree did teachers report using “promising practices” for MLS implementation? 

• On average, teachers reported using three promising practices for MLS implementation – (1) 
setting mastery-based goals, (2) using data to reflect on instruction, and (3) using data to 
discuss learning with students – at low to moderate levels, with fewer than 30% of teachers 
reporting implementing them “to a large extent.” 

• Teachers who were more attentive to students as they used MLS were significantly more likely 
to implement these three promising practices. 

EQ2. To what degree did teachers report that MLS was valuable for their teaching or for their students’ 
learning? 

• Most teachers agreed that MLS has value in helping their students build confidence and skills 
in math and in helping them meet the diverse learning needs of their students. 

• Perceived value of MLS was significantly higher among teachers who reported implementing 
the three promising practices. 

EQ3. To what degree did students report that MLS was valuable for their learning? 

• Students held mixed views on the value of MLS. On average they found MLS more helpful for 
building skills and confidence than for making math interesting or enjoyable. 

• Perceived value was significantly higher among students who used MLS more frequently (both 
at school and home), perceived greater support from adults, and saw stronger alignment 
between MLS content and classroom material. 

EQ4. To what degree were changes in math attitudes related to students’ self-reported levels of MLS 
usage? 

• Students were more likely to report improvements in math attitudes (e.g., gains in self-
confidence) when they used MLS more frequently at school, when they perceived stronger 
alignment between MLS content and classroom material, and when they perceived higher 
levels of support for MLS use at school and at home. 

• Students were less likely to report improvements in math attitudes when they reported using 
MLS more frequently at home without sufficient adult support. 

Math Learning Software Grant Program 2024-2025 | 8 



         

 

 

              
  

     
 

      
         
    

      
    

           
  

    
        

   

  
  

     
     

      
      

    
 

   
 

      
  

    
        

        
 

      
       

  
  

 
        

        
      

  

EQ5. What was the relationship between MLS usage and student outcomes on statewide math 
assessments in the 2023-2024 school year, and were these relationships moderated by characteristics 
of the school or characteristics of students? 

• Positive associations were found between MLS usage and math achievement gains across all 
eight vendors – ALEKS, Derivita, DreamBox, i-Ready, Imagine Learning, IXL, Mathspace, and ST 
Math – for which MLS usage and achievement data were available. Students in the highest 
usage quartile (Q4) had predicted Student Growth Percentiles (SGPs) that were 3 to 13 points 
higher, on average, than those in the lowest quartile (Q1). 

• For several MLS programs, the relationship between software usage and student growth was 
stronger for students from low-income backgrounds and for those attending schools with 
higher concentrations of low-income students. 

• Across most vendors, students from low-income backgrounds used MLS less frequently than 
their more affluent peers. 

1.3 Conclusions and Recommendations 
Overall, the evaluation revealed low to moderate implementation of promising practices, generally 
positive perceptions of MLS value (especially with high-quality implementation and adult support), 
and positive links between MLS usage and growth in math. However, persistent gaps in use 
remain, with students from low-income backgrounds using MLS less frequently than their more 
affluent peers. This trend is especially concerning given evidence that these students may benefit 
more from MLS use. 

To strengthen MLS implementation and improve positive impacts, the UEPC recommends: 

• expanding professional learning opportunities and planning time to build educators’ 
capacity to implement promising practices; 

• enhancing MLS features and tools, including by replacing or supplementing static 
dashboards with dynamic real-time alerts to guide teachers’ discussions with students and by 
improving platform flexibility so teachers can more easily select, sequence, and customize 
content; 

• prioritizing and providing additional resources for students and schools where math 
achievement is neither proficient nor progressing, including by expanding initiatives that 
“stack” interventions such as high-dosage tutoring with MLS use to help students facing the 
greatest barriers to fully engage with MLS platforms. 

Implementing these recommendations will require greater coordination among STEM Action Center 
personnel, schools, and MLS providers, but this type of coordination is essential to realizing MLS’s 
potential as an effective instructional tool for supporting student learning in mathematics. 
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2  | Introduction  
This report presents findings from the 2024-2025 evaluation of the K-12 Math Personalized Learning 
Software Grant Program conducted by the Utah Education Policy Center (UEPC). The UEPC has served 
as the external evaluator for the K-12 Math Personalized Learning Software Grant Program since 2016. 
As a trusted research and evaluation partner, the UEPC brings expertise in rigorous, actionable 
research and a commitment to advancing educational improvement through evidence-based 
inquiry. In this partnership role, the UEPC has conducted studies to assess the effectiveness of 
more than a dozen MLS programs in improving student outcomes on statewide math assessments 
(e.g., Altermatt et al., 2022). In addition, the UEPC has conducted research focused on 
understanding how teachers use MLS in their classrooms and examining “promising practices” for 
implementation (e.g., Altermatt et al., 2023b, 2023c, 2023d; Altermatt & Rorrer, 2024a, 2024b). 
Results have been shared in reports, accessible research briefs, and a peer-reviewed publication. 

2.1 Program Overview 
Utah’s STEM Action Center is responsible for acquiring, distributing, and evaluating a STEM-related 
instructional technology program in schools (Utah Code 9-22-107; 9-22-108).1 To fulfill this obligation, 
the STEM Action Center launched the K-12 Math Personalized Learning Software Grant Program.2 The 
Grant Program provides funds to school districts and charter schools to acquire math learning 
software (MLS) licenses and supports professional development for using these software programs. 

STEM Action Center personnel select MLS programs for participation in the K-12 Math Personalized 
Learning Software Grant Program through a competitive process that prioritizes the effectiveness of 
each program in improving student learning outcomes. School or district level administrators submit 
applications to participate in the Grant Program in the spring of each school year. In Spring 2023 and 
Spring 2024, applicants could request licenses for up to two MLS programs from a list of 10 approved 
vendors. This was an increase from six approved program options in prior years. 

Table 1 provides a summary of the number of schools requesting licenses for each MLS program, the 
number of requested licenses across schools, and the number of awarded licenses across schools for 
AY 2023-2024 and AY 2024-2025. In all, 741 schools requested MLS licenses in Spring 2023 for Academic 
Year (AY) 2023-2024 and 739 schools requested MLS licenses in Spring 2024 for AY 2024-2025. As 
shown, i-Ready was the most requested MLS programs in both years, followed by Derivita and ALEKS. 
Freckle/Star Math and My Math Academy were the least requested MLS programs in both years. In all, 
requests were made for 397,822 licenses in AY 2023-2024 and 456,843 licenses in AY 2024-2025. 
Available Grant Program funding permitted STEM Action Center to award 142,102 (or 36% of 
requested licenses) in AY 2023-2024 and 132,536 licenses (or 29% of requests) in AY 2024-2025. 

1 See Utah Code Sections 9-22-101-9-22-114 for information on the establishment and guidance for STEM Action Center 
programs. 
2 https://stem.utah.gov/educators/funding/k-12-math-personalized-learning-software-grant/ 
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Table 1. Math Learning Software Requests and Awards by Vendor 

Math Learning 
Software (MLS) 

Vendor 

# of schools 
requesting licenses 

# of requested licenses 
across schools 

# of awarded licenses 
across schools 

2023-2024 2024-2025 2023-2024 2024-2025 2023-2024 2024-2025 
ALEKS 151 146 49,351 49,832 17,868 14,457 
Derivita 111 107 102,916 125,940 35,858 36,531 
DreamBox 39 37 10,927 7,928 4,043 2,303 
Freckle/Star Math 3 3 775 1,045 279 304 
i-Ready 330 350 144,023 164,756 51,826 47,792 
Imagine Learning 87 66 26,833 19,773 9,571 5,740 
IXL 81 126 26,703 50,891 9,636 14,764 
Mathspace 22 23 6,436 8,447 2,317 2,451 
My Math Academy 7 10 668 2,296 241 667 
ST Math 95 81 29,190 25,935 10,463 7,527 

TOTAL 741* 739* 397,822 456,843 
142,102 

(= 36% of requests) 
132,536 

(= 29% of requests) 
* The sum of counts in these columns exceeds the total number of schools requesting licenses (i.e., 741 in 2023-2024 and 739 
in 2024-2025) because schools could request licenses for up to two MLS programs. Each request is counted separately in the 
vendor-specific rows. 

2.2 Evaluation Overview 
In the current evaluation, the UEPC sought to build upon its prior research and evaluation efforts 
related to the K-12 Math Personalized Learning Software Grant Program by addressing five evaluation 
questions (EQs): 

EQ1. To what degree did teachers report using “promising practices” for math learning 
software implementation? 
EQ2. To what degree did teachers report that math learning software was valuable for their 
teaching or for their students’ learning? 
EQ3. To what degree did students report that math learning software was valuable for their 
learning? 
EQ4. To what degree were changes in student math attitudes related to students’ self-reported 
levels of math learning software usage? 
EQ5. What was the relationship between math learning software usage and student outcomes 
on statewide math assessments, and were these relationships moderated by characteristics of 
the school or characteristics of students? 

The first four evaluation questions focus on teacher and student perceptions of the value of MLS, 
teacher implementation practices, and associations between student use of MLS and student math 
attitudes. To answer these four questions, the UEPC utilized data from surveys administered to 
teachers and students in Spring 2025. 

The final evaluation question focuses on examining the effectiveness of MLS in improving student 
achievement outcomes in mathematics. To answer this question, the UEPC drew upon MLS usage 
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data provided by MLS vendors and student demographic and achievement data.3 The current report 
focuses on the results of analyses examining the effectiveness of MLS in improving student outcomes 
in AY 2023-2024, as data from summative math assessments administered in AY 2024-2025 are not yet 
available from the USBE. The results of analyses examining effectiveness in AY 2024-2025 will be 
shared in a report to be delivered to the STEM Action Center in July 2026. 

Data sources for this evaluation include teacher and student surveys administered in Spring 2025, 
MLS usage data from participating vendors, and statewide administrative data. Items for the 
teacher and student surveys were drawn from surveys that the UEPC designed in consultation with 
the STEM Action Center and the Utah State Board of Education in AY 2022-2023. A full description of 
the Spring 2023 teacher and student surveys – including methods for survey development and 
administration, response rates, and descriptive statistics for each item – is provided in a report 
available on the UEPC’s website (Altermatt et al., 2023a). Math teachers and students across the state 
participated in these surveys, which were approved for administration by the USBE, in Spring 2023. 
One key goal of administering surveys in Spring 2023 was to identify practices for MLS implementation 
that predicted the most positive teacher and student attitudes as well as the strongest gains in 
student achievement on statewide math assessments. Reports, briefs, and a publication describing 
the “promising practices” for MLS implementation that emerged from these analyses are on the 
UEPC’s website (see Altermatt et al., 2023b, 2023c, 2023d; Altermatt & Rorrer, 2024a, 2024b). 

2.3 Report Organization 
This evaluation report is divided into nine sections. In the first section, we provided an executive 
summary, with key findings, conclusions, and recommendations. In this second section, we have 
provided an overview of the K-12 Math Personalized Learning Software Grant Program and of the 
UEPC’s evaluation of this program. In In the third section, we offer background for the current report 
by providing a brief review of the research and evaluation literatures that have sought to understand 
the role that educational technology – including math learning software programs – might play in 
improving student outcomes in mathematics. In the fourth section, we summarize findings related to 
EQ1 which focuses on teachers’ use of “promising practices.” In the fifth section, we summarize 
findings related to EQ2 which focuses on teachers’ perceptions of the value of MLS. In the sixth 
section, we summarize findings related to EQ3 which focuses on students’ perceptions of the value 
of MLS. In the seventh section, we summarize findings related to EQ4 which focuses on associations 
between MLS use and changes in students’ math attitudes. In the eighth section, we summarize 
findings related to EQ5 which focuses on analyses of MLS effectiveness. Each of these sections 
presents an overview, methods, findings and conclusions for the respective evaluation question. 
Finally, in the ninth section, we offer recommendations for ongoing program improvement that 
could support the STEM Action Center in implementing and modifying the program in years to come 
to achieve the proposed outcomes. 

3 The Utah Education Policy Center has a Master Data Sharing Agreement with the Utah State Board of Education, which 
permits use of education data for evaluation and research purposes. Importantly, the UEPC adheres to terms of the Master 
Data Sharing Agreement, including terms of use, confidentiality and non-disclosure, data security, monitoring, and 
applicable laws. The UEPC also complies with University of Utah Institutional Review Board policies for educational research 
and evaluation. Though the UEPC is housed at the University of Utah, only authorized UEPC staff may access the data, and 
data are not available throughout the University or to other parties. The views expressed in this report are those of UEPC 
staff and do not necessarily reflect the views or positions of the USBE or the University of Utah. 
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2.4 Intended Audience 
The primary audiences for this report include STEM Action Center staff; personnel from the Utah State 
Board of Education with expertise and interest in mathematics education, technology-enabled 
instruction, and personalized competency-based learning; math learning software providers; and 
administrators and educators from LEAs participating in the program. The report is intended to 
provide useful information for documenting the characteristics and outcomes of the program in AY 
2023-2024 and 2024-2025 and for identifying key action steps to ensure strong implementation and 
outcomes in AY 2025-2026. 
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3 | Background 
3.1 Learning Loss and Recovery Efforts in Mathematics 
The Covid-19 pandemic resulted in significant learning loss for many students across the United 
States, particularly in mathematics (Callen et al., 2024; Fahle et al., 2023; Kuhfeld & Lewis, 2024; Lewis 
& Kuhfeld, 2022, 2023). Similar findings have emerged in Utah. For example, analyses of statewide 
assessments showed lower math scores post-pandemic than pre-pandemic, especially among 
students who were eligible for free or reduced-price lunch (Betebenner & Van Iwaarden, 2024; USBE & 
NCIEA, 2021; USBE Strategic Plan Implementation Update, 2024). Although some encouraging trends 
point to a gradual return to pre-pandemic mathematics performance both in Utah and nationally, 
researchers estimate that full recovery, if attainable, may take years, especially among some groups 
of students (e.g., economically disadvantaged students) who were disproportionately impacted by 
the pandemic (Betebenner & Van Iwaarden, 2024; Fahle et al., 2024; Goldhaber et al., 2023; Kuhfeld & 
Lewis, 2022; Kuhfeld et al., 2022; Lewis & Kuhfeld, 2022, 2023, 2024; Lewis et al., 2022). 

Supported by federal relief funds along with state and local resources, school districts in Utah and 
across the nation have invested in a variety of academic recovery initiatives, including high-dosage 
tutoring and out-of-school-time programs (Carbonari et al., 2022, 2024; Jordan et al., 2022). Despite 
substantial investments, the existing evidence indicates that the effects of these interventions are 
mixed and often modest due to challenges in both uptake and implementation. Specifically, many 
interventions have failed to reach the intended number of students, and the effectiveness of 
interventions often diminishes as they are taken to scale (e.g., Carbonari et al., 2022, 2024; Fahle et al., 
2024; Kraft, Sanderson et al., 2024; Kraft, Schueler et al., 2024; Lewis & Kuhfeld, 2022, 2023, 2024; 
Robinson et al., 2022). 

3.2 Math Learning Software as Recovery Intervention 
Amidst these challenges, “personalized” math learning software (MLS) continues to receive attention 
as a promising approach to support and accelerate post-pandemic learning recovery. Specifically, 
proponents of technology-enabled learning argue that MLS offers unique advantages as an academic 
recovery intervention because it can be scaled quickly and cost-effectively, even in settings where 
widespread access to other interventions is untenable. Additionally, proponents argue that MLS can a) 
reduce the burden on educators working to adapt to a broader range of student performance by 
offering learning experiences tailored to the needs of individual students, b) provide educators with 
real-time data on student performance, and c) include interactive and gamified elements that can 
bolster student enjoyment of and engagement with learning (e.g., Brizard, 2023; Canbolat & Arndt, 
2024; Huebner & Burstein, 2023; Thomas et al., 2023). 

Proponents argue that MLS holds promise as both a stand-alone intervention and a complement to 
other recovery efforts. For example, despite evidence that high-dosage tutoring can be quite effective 
in improving student learning outcomes (Bhatt et al., 2024; Guryan & Ludwig, 2023, p. 157), there are 
indications that schools and districts face challenges in implementing high-dosage tutoring at scale 
(Carbonari et al., 2024; Kraft, Sanderson et al., 2024; Kraft, Schueler et al., 2024). Among these 
challenges are that tutors often lack the content knowledge, pedagogical skills, and information 
about students’ performance that they need to be effective tutors in mathematics. Tutoring program 
personnel and classroom teachers, in turn, lack time to provide these resources and associated 
supports (see Carbonari et al., 2022, 2024; Makori et al., 2024; National Student Support Accelerator, 
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2023a). MLS has the potential to ease the demands on individuals who oversee tutors, on classroom 
teachers, and on tutors themselves (Bhatt et al., 2024; Guryan & Ludwig, 2023; National Student 
Support Accelerator, 2023; Thomas et al., 2024). 

3.3 Contributions of the Current Evaluation 
The promise of MLS as a learning recovery intervention is supported by research indicating that MLS 
use is associated with positive achievement outcomes for students, including higher scores on 
summative assessments, including in Utah (e.g., Altermatt et al., 2022; Cheung & Slavin, 2013; Kulik & 
Fletcher, 2015; Zheng et al., 2022). Importantly, however, the effectiveness of MLS – like other 
interventions – appears to be moderated by a variety of factors, including implementation fidelity, 
student characteristics, and school characteristics (Altermatt & Rorrer, 2024a, 2024b; Bernacki et al, 
2021; Carbonari et al., 2024; Pane et al., 2017; U.S. Department of Education, 2012; Van Schoors et al., 
2023; Thomas et al., 2024; Zheng et al., 2022). Given the enormous time and financial investments that 
schools nationally and in Utah are making in MLS (see Utah State Board of Education Covid-19 Relief 
Funding for K-12, 2024), there is a pressing need to understand variations in implementation and to 
empirically evaluate MLS as an effective intervention to support learning recovery. The current 
evaluation report contributes to this effort by providing new information about: (1) how MLS 
programs are being used in Utah’s classrooms, (2) teachers’ and students’ perceptions of the value of 
these programs in supporting teaching and learning, and (3) the effectiveness of these programs in 
supporting positive mathematics attitudes and achievement. 
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4 | Teacher Use of “Promising Practices” 
4.1 Overview 
In this section of the report, we describe methods and findings related to the first evaluation question: 

EQ1. To what degree did teachers report using “promising practices” for 
math learning software (MLS) implementation? 

To address this question, the UEPC used data from the Spring 2025 teacher survey introduced in 
Section 2.2. This anonymous survey contained items assessing teachers’ self-reported practices for 
using MLS and their perceptions of the value of MLS. Although individual teacher participation in the 
survey is voluntary, administering the teacher survey is a condition of participation in STEM Action 
Center’s Grant Program, as agreed upon to by participating LEAs and schools. 

In answering EQ1, we focused on three promising practices related to teachers’ goal-setting for 
students’ MLS use and their use of MLS-generated data: 

1. Setting mastery-based goals, 
2. Using data to reflect on instruction, and 
3. Using data to discuss learning with students. 

These practices were selected because prior research shows they are associated with greater student 
gains on statewide math assessments (Altermatt & Rorrer, 2024a). Moreover, each practice is 
amenable to change through professional learning or enhancements to MLS platforms (e.g., simplified 
dashboards). We also examined one additional practice – setting time-based goals for students’ MLS 
use – given evidence from the Spring 2023 teacher survey indicating that teachers set time-based 
goals more than mastery-based goals (e.g., Altermatt & Rorrer 2024a, 2024b). It is important to note 
that time-based goals are not considered a promising practice as they predict smaller student gains 
on statewide math assessments (Altermatt & Rorrer, 2024b). 

4.2 Methods 
Participants 
In all, 2,031 teachers from 340 schools were included in the analytic sample for answering EQ1. These 
teachers provided consent for participating in the Spring 2025 teacher survey, completed at least 70% 
of the survey, and indicated that they were using one of the ten approved MLS programs to support 
their instruction in AY 2024-2025. 

Key Survey Items 
Our analyses for EQ1 focused on the four implementation practices introduced in Section 4.1. As 
shown in Table 2, each implementation practice was assessed with a single item. A four-point 
response scale was used for all four items where 1 = “not at all,” 2 = “to a small extent,” 3 = “to a 
moderate extent,” and 4 = “to a large extent.” Display logic was used to replace instances of [math 
software] with the name of the software program that teachers indicated that they used most often. 
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Table 2. Items Used to Assess Teachers’ Self-Reported MLS Implementation Practices 

Implementation Practice Item 

Set time-based goals I require students to spend a certain amount of time using 
[math software] 

Set mastery-based goals I require students to demonstrate mastery of a certain number 
of concepts, topics, or skills when using [math software] 

Use data to reflect on instruction [I] use data from [math software] to identify areas where I need 
to strengthen my content knowledge or teaching skills 

Use data to discuss learning with students [I] use data from [math software] to reflect on and discuss 
learning with my students 

In addition to examining the overall use of these practices among teachers, we explored whether four 
teacher-reported factors were associated with their use: (1) number of years of experience teaching 
math, (2) number of years of experience using their current MLS program, (3) level of attention to 
students during MLS use, and (4) teaching at the secondary level. The third factor, teacher attention, 
was assessed with an item that read: “When students use [math software], my attention is focused on 
students while they work.” Teachers were asked to respond to this item on the same four-point scale 
used for other implementation practices. 

Analysis Plan 
Two sets of analyses were conducted to answer EQ1. First, we calculated descriptive statistics to 
determine the degree to which teachers, as a group, reported using each practice. Second, we ran a 
series of regression analyses to examine factors that predict teachers’ use of each promising practice. 
Teacher reports of their students’ average weekly math software usage at school and at home was 
included as a covariate in regression analyses. 

4.3 Findings 
Descriptive Statistics 
Figure 1 provides means (panel a) for each of the items assessing the four implementation practices 
presented in Table 1 along with the percentage (panel b) of teachers who indicated that they 
implemented each practice “to a large extent.” As shown, teachers reported implementing each of the 
promising practices – setting mastery-based goals, using data to reflect on instruction, and using data 
to discuss learning with students – at low to moderate levels, with mean ratings between 2.45 and 
2.61 (i.e., between “to a small extent” and “to a moderate extent”). Teachers were most likely to 
report setting time-based goals for MLS use (mean = 2.91), with 39% indicating they did so "to a large 
extent." In contrast, fewer than 30% of teachers reported consistently using any of the three 
promising practices for MLS implementation. 

These findings are concerning given the results of prior research conducted by the UEPC, which 
indicates that teachers who report high levels of mastery-based goal setting for their students’ use of 
MLS and frequent use of MLS data have students who show stronger gains on statewide tests of math 
achievement. In contrast, teachers who report high levels of time-based goal setting for MLS use show 
weaker gains on statewide tests of math achievement (see Altermatt et al., 2024). 

Math Learning Software Grant Program 2024-2025 | 17 



         

 

 

  
 

             

 

 
  

      
 

 
     

 

 
 

 
 

    
      

 
   

Figure 1. Means and Percentages for Items Assessing Teacher Use of Promising Practices 

a. Means b. Percentages 

Predictors of Teachers’ Use of “Promising Practices” 
Among the four potential predictors of promising practice use, one stood out as especially strong and 
consistent: teacher attention to students during MLS time. 

Figure 2. Associations Between Teachers’ Attention and Use of Promising Practices 

Figure 2 illustrates the relationship between teacher attention and the three promising 
implementation practices. The lines represent predicted values from regression models, while the 
triangles indicate the actual mean implementation ratings. As shown, teachers who reported the 
highest levels of attention to students during MLS use reported implementing promising practices at 
levels that were up to a full point higher than teachers who reported the lowest levels of attention. 
These relationships suggest that when teachers remain actively engaged with students during their 
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MLS use, they may be better positioned to emphasize mastery goals, use data to reflect on and guide 
their instruction, and engage students in meaningful conversations about their progress. 

4.4 Conclusions 
Results from the Spring 2025 teacher survey show that fewer than 30% of respondents reported 
consistently setting mastery-based goals or using MLS data to guide instruction and engage students 
in conversations about their learning. This is concerning, as these practices are linked to greater gains 
in students’ math achievement. Importantly, teachers who reported paying greater attention to 
students during MLS use were significantly more likely to implement all three of these promising 
practices. This finding underscores the importance of teachers playing an active role during 
technology-enabled learning, rather than treating MLS as a stand-alone activity (see Huebner & 
Burstein, 2023). Professional learning opportunities and enhancements to MLS programs (e.g., real-
time alerts to guide teachers’ discussions with students) that support mastery-based goal setting and 
meaningful use of MLS data could help amplify the instructional benefits of these programs. 
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5 | Teacher Perceptions of Value 
5.1 Overview 
In this section of the report, we describe methods and findings related to the second evaluation 
question: 

EQ2. To what degree did teachers report that math learning software (MLS) was valuable 
for their teaching or for their students’ learning? 

To address this question, the UEPC used data from the Spring 2025 teacher survey described in 
Sections 2.2 and 4.1. Although individual teacher participation in the survey is voluntary, 
administering the teacher survey is a condition of participation in STEM Action Center’s Grant 
Program, as agreed upon to by participating LEAs and schools. 

5.2 Methods 
Participants 
In all, 2,031 teachers from 340 schools were included in the analytic sample for answering EQ2. These 
teachers consented to participating in the Spring 2025 Teacher Survey, completed at least 70% of 
survey items, and indicated that they were using one of the ten approved MLS programs to support 
their instruction in AY 2024-2025. 

Key Survey Items 
Analyses for EQ2 focused on three items (see Table 3) assessing teachers’ perceptions of the value of 
MLS for their teaching and students learning. A five-point response scale was used for all three items 
where 1 = “strongly disagree,” 2 = “disagree,” 3 = “neither agree nor disagree,” 4 = “agree,” and 5 = 
“strongly agree.” Display logic was used to replace instances of [math software] with the name of the 
software program that teachers indicated that they used most often. 

Table 3. Items Used to Assess Teachers’ Perceptions of the Value of MLS 

Survey Items 

[Math software] helps my students improve their confidence in math 
[Math software] helps my students improve their skills in math 
[Math software] helps me address the learning needs of all of my students in math 

Analysis Plan 
Two sets of analyses were conducted to answer EQ2. First, we calculated descriptive statistics to 
determine the degree to which teachers, as a group, perceived software to be valuable and to 
examine perceptions of value across vendors. Second, we ran regression analyses to examine whether 
teacher perceptions of value were related to their level of implementation of the three promising 
practices examined in Section 4. 
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5.3 Findings 
Descriptive Statistics 
Figure 3 provides means (panel a) and percentages (panel b) for each of the perceptions of value 
items. As shown, teachers, as a group, overwhelmingly perceived that MLS has value, with more than 
70% of teachers agreeing or strongly agreeing that MLS is helpful in building student confidence and 
skills and for helping them address the needs of their students 

Figure 3. Means and Percentages for Items Assessing Teacher Perceptions of the Value of MLS 

a. Means b. Percentages 

Because teacher responses were correlated across the three items (rs = .63 to .77), responses were 
averaged across items to form a perceptions of value scale that was used in subsequent analyses. 
Cronbach’s alpha for the scale was .86. The mean rating on this scale was 4.10. 

Importantly, perceptions of value were generally similar across vendors. For example, among vendors 
with at least 150 respondents, the mean rating on the perceptions of value scale was between 4.00 
and 4.50 for ALEKS (mean = 4.29, n = 206), Derivita (mean = 4.01, n = 161), i-Ready (mean = 4.06, n = 
946), IXL (mean = 4.38, n = 328), and ST Math (mean = 4.19, n = 187). Comparisons should be made with 
caution as there are differences in the representativeness of survey respondents across vendors. 

Predictors of Teachers’ Perceptions of Value 
Regression analyses were used to examine associations between teachers’ self-reported level of 
implementation of the three promising practices for MLS implementation and their perceptions of the 
value of MLS. Analyses controlled for teacher reports of their students’ average weekly math software 
usage, years of teaching experience, years of experience with their current MLS program, and grade 
level. The results of these analyses indicated that all three promising practices were associated with 
higher perceptions of the software’s value, all ps < .001. 

To illustrate the magnitude of the effects, Figure 4 presents actual mean value ratings at two levels of 
implementation for each promising practice: “not at all” and “to a large extent.” The results show that 
teachers who reported implementing each promising practice “to a large extent” had perceptions of 
value that were more than a full point higher on the five-point scale compared to those who reported 
not implementing them at all. 
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Figure 4. Mean Perceptions of Value by Level of Implementation of Promising Practices 

5.4 Conclusions 
Findings from the Spring 2025 teacher survey indicate that, overall, teachers perceived MLS as 
valuable. Across more than 2,000 respondents, over 70% of teachers indicated that MLS helped 
students build confidence and skills and helped them meet the diverse learning needs of students. 
Importantly, these positive perceptions were generally consistent across MLS vendors, suggesting a 
broadly held view of MLS as a beneficial instructional tool. 

Importantly, teacher perceptions of value were significantly associated with the extent to which they 
implemented three promising practices for MLS use. Specifically, teachers who reported setting 
mastery-based goals for students’ use of MLS and using data from MLS to support their instruction “to 
a large extent” rated the software as markedly more valuable than those who did not implement 
these practices at all. These findings highlight the importance of implementation quality and suggest 
that professional learning and support aimed at helping teachers adopt effective practices may 
enhance both perceived and actual benefits of MLS in the classroom. 
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6 | Student Perceptions of Value 
6.1 Overview 
In this section of the report, we describe methods and findings related to the third evaluation 
question: 

EQ3. To what degree did students report that math learning software (MLS) 
was valuable for their learning? 

To address this question, the UEPC used data from the Spring 2025 student survey introduced in 
Section 2.2. Although individual student participation in the survey is voluntary, administering the 
student survey is a condition of participation in STEM Action Center’s Grant Program, as agreed upon 
to by participating LEAs and schools. The anonymous survey was administered to students by 
teachers and contained items assessing the frequency with which students use MLS, student 
perceptions of the value of MLS, and student attitudes toward mathematics. 

6.2 Methods 
Participants 
In all, 35,306 students were included in the analytic sample for answering EQ3. These students 
provided assent, completed at least 70% of the survey items, and indicated that they were using one 
of the ten approved MLS programs to support their math learning. 

Key Survey Items 
Analyses for EQ3 focused on four items (see Table 4) assessing student perceptions of the value of MLS 
for their learning. A five-point response scale was used for all four items where 1 = “strongly disagree,” 
2 = “disagree,” 3 = “neither agree nor disagree,” 4 = “agree,” and 5 = “strongly agree.” Display logic 
was used to replace instances of [math software] with the name of the software program that 
students indicated that they used most often. 

Table 4. Items Used to Assess Students’ Perceptions of the Value of MLS 

Survey Items 

[Math software] helps me improve my confidence in math 
[Math software] helps me improve my skills in math 
[Math software] makes math more interesting 
[Math software] makes math more fun 

Analysis Plan 
Two sets of analyses were conducted to answer EQ3. First, we calculated descriptive statistics to 
determine the degree to which students, as a group, perceived software to be valuable and to 
examine perceptions of value across vendors. Second, we used regression analyses to examine 
whether student perceptions of value were related to their experiences in using their current MLS 
program (e.g., frequency of use and alignment with class material). 
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6.3 Findings 
Descriptive Statistics 
Figure 5 provides means (panel a) and percentages (panel b) for each of the perceptions of value 
items. As shown, students, as a group, were more likely to agree than disagree MLS has value for 
building their confidence and skills in math. However, they were more likely to disagree than agree 
(panel b) that MLS has value in make math more engaging (i.e., interesting) and enjoyable (i.e., fun). 

Figure 5. Means and Percentages for Items Assessing Student Perceptions of the Value of MLS 

a. Means b. Percentages 

Because student responses were correlated across the four items (rs = .49 to .77), responses were 
averaged across items to form a perceptions of value scale. Cronbach’s alpha for the scale was .86. 
The mean rating on this scale was 3.23. 

Importantly, students’ perceptions of value were generally similar across vendors. For example, 
among vendors with at least 300 student respondents, the mean rating on the perceptions of value 
scale was 3.11 for ALEKS (n = 6,494), 3.20 for Derivita (n = 9,434), 3.38 for DreamBox (n = 382), 3.31 for i-
Ready (n = 10,495), 3.32 for Imagine Learning (n = 708), 3.25 for IXL (n = 5,167), 2.95 for Mathspace (n = 
1,040), and 3.45 for ST Math (n = 1,562). Comparisons should be made with caution given the 
differences in the representativeness of survey respondents across vendors. 

Predictors of Students’ Perceptions of Value 
In addition to items assessing students’ perceptions of the value of MLS, the student survey also 
contained items related to students’ self-reported experiences using their current MLS, including the 
frequency of their software use at school and at home, their perceptions of the degree of alignment 
between MLS material and class material, and their perceptions of the degree to which they had 
access to help in using the MLS program at school and at home. Information on each item, including 
means, is provided in Table 5. Display logic was used to replace instances of [math software] with the 
name of the software program that students indicated that they used most often. Only students who 
reported that they used software at school were asked to respond to the question about support at 
school and only students who reported that they used software at home were asked to respond to the 
question about support at home. 
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Table 5. Items Used to Assess Students’ Experiences Using MLS 

Survey Item Response Scale Mean n 

How frequently do you use [math software] 
at school 

1 = “never” to 
8 = “daily” 6.98 35,085 

How frequently do you use [math software] 
at home 

1 = “never” to 
8 = “daily” 3.59 35,013 

The work I do in [math software] is related to the 
work we are doing in math class 

1 = “strongly disagree” to 
5 = “strongly agree” 3.70 34,248 

If I have trouble using [math software] when I am 
at school, there is someone who can help me 

1 = “strongly disagree” to 
5 = “strongly agree” 

3.76 34,021 

If I have trouble using [math software] when I am 
at home, there is someone who can help me 

1 = “strongly disagree” to 
5 = “strongly agree” 3.50 20,072 

As shown in Table 5, students reported using MLS more frequently at school than at home. Moreover, 
students were more likely to agree than disagree that there was alignment between MLS and class 
material and that they had help available to them in using software, both in school and at home. 

To examine whether students’ experiences using MLS predicted their perceptions of its value, we 
regressed students’ value ratings on students’ responses to items assessing students’ experiences 
using MLS. To allow for direct comparisons across items measured on different scales, all predictors 
were standardized. As shown in Figure 6 (panel a), students were more likely to perceive MLS as 
valuable when they used math software more frequently and when they believed that support was 
available. The strongest predictor, however, was the perceived alignment between MLS content and 
class material. As shown in Figure 6 (panel b), students who had the lowest ratings of the degree to 
which MLS was aligned with classwork reported an average value rating of 2.25, while those with the 
highest ratings reported much higher value ratings—averaging 3.68. 

Figure 6. Summary of Analyses Examining Factors that Predict Students’ Perceptions of Value 

a. Regression Results b. Perceptions of value by perceived alignment 

Predictor Estimate t - value 

Frequency of math software 
use at school .08 10.64*** 

Frequency of math software 
use at home .03 3.39*** 

Alignment between MLS 
material and class material 
Availability of help at school .12 15.01*** 
Availability of help at home .17 23.75*** 

.30 43.14*** 

Note. Estimates are standardized beta coefficients. 
Standardization permits direct comparisons across 
predictors measured on different scales. 
*** p < .001. 

Math Learning Software Grant Program 2024-2025 | 25 



         

 

 

 
   

     
    

             
 

 
            

        
       

     
     

  

6.4 Conclusions 
Findings from the student survey indicate that while students generally perceived math learning 
software (MLS) as helpful for improving their confidence and skills in math, they were less likely to 
view it as making math more interesting or fun. On average, students’ perceptions of value were 
moderately positive (mean = 3.23 on a 5-point scale) and were consistent across most MLS vendors. 
Importantly, regression analyses revealed that students’ perceptions of value were significantly 
influenced by their experiences using the software. Students rated MLS as more valuable when they 
used it more frequently, had access to help when needed, and – most strongly – when they perceived 
the content to be well aligned with their classroom instruction. These findings suggest that improving 
the alignment between MLS and in-class content, and ensuring students have adequate support at 
school and at home while using the software may enhance the perceived value and effectiveness of 
MLS as a learning tool. 
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7 | Changes in Student Math Attitudes 
7.1 Overview 
In this section of the report, we describe methods and findings related to the fourth evaluation 
question: 

EQ4. To what degree were changes in math attitudes related to students’ 
self-reported math learning software (MLS) usage? 

To address this question, the UEPC used data from the Spring 2025 student survey described in 
Sections 2.2 and 6.1. Although individual student participation in the survey is voluntary, 
administering the student survey is a condition of participation in STEM Action Center’s Grant 
Program, as agreed upon to by participating LEAs and schools. 

7.2 Methods 
Participants 
In all, 35,306 students were included in the analytic sample for answering EQ3. These students 
provided assent, completed at least 70% of the survey items, and indicated that they were using one 
of the ten approved MLS programs to support their math learning. 

Key Survey Items 
Analyses for EQ4 focused on three items (see Table 6) assessing changes in student attitudes toward 
math. A five-point response scale was used for all three items where 1 = “strongly disagree,” 2 = 
“disagree,” 3 = “neither agree nor disagree,” 4 = “agree,” and 5 = “strongly agree.” 

Table 6. Items Used to Assess Changes in Student Attitudes Toward Math 

Survey Item Response scale Mean n 

My confidence in math has improved this year 1 = “strongly disagree” to 
5 = “strongly agree” 3.70 33,550 

My skills in math have improved this year 1 = “strongly disagree” to 
5 = “strongly agree” 3.94 33,352 

I believe that math ability can change through hard work 
more NOW than I believed this at the beginning of the year 

1 = “strongly disagree” to 
5 = “strongly agree” 3.83 33,737 

As shown in Table 6, students who used MLS were more likely to agree than disagree that they had 
experienced positive changes in their confidence in math, their math skills, and their belief that math 
ability can improve with effort. Because student responses were correlated across the three items (rs 
= .58 to .74), responses were averaged across items to form a change in attitudes scale. Cronbach’s 
alpha for the scale was .84. The mean rating on this scale was 3.83. 

Importantly, students’ perceptions of change were generally similar across vendors. For example, 
among vendors with at least 300 student respondents, the mean rating on the change in math 
attitudes scale was 3.74 for ALEKS (n = 6,494), 3.61 for Derivita (n = 9,434), 4.06 for DreamBox (n = 382), 
3.99 for i-Ready (n = 10,495), 4.08 for Imagine Learning (n = 708), 3.93 for IXL (n = 5,167), 3.50 for 
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Mathspace (n = 1,040), and 4.07 for ST Math (n = 1,562). Comparisons should be made with caution 
given the likelihood that there are differences in the representativeness of survey respondents across 
vendors. 

Analysis Plan 
To examine whether students’ experiences using MLS predicted changes in their math attitudes, we 
regressed students’ change ratings on each of the items listed in Table 6. To allow for direct 
comparisons across items measured on different scales, all predictors were standardized. 

7.3 Findings 
As shown in Figure 7 (panel a), students were more likely to report positive changes in math attitudes 
when they used MLS frequently in class, when perceived alignment between MLS content and 
classroom material was high, and when support was available at school. However, students were less 
likely to report positive changes in math attitudes when they used MLS frequently at home, especially, 
as shown in Figure 7 (panel b) when the level of availability of help at home was low. 

Figure 7. Summary of Analyses Examining Factors that Predict Changes in Students’ Math Attitudes 

a. Regression Results b. Change in attitudes by frequency of use at home 

Predictor Estimate t - value 

Frequency of math software 
use at school .09 12.41*** 

Frequency of math software 
use at home 

-.09 -9.92*** 

Alignment between MLS 
material and class material .17 24.05*** 

Availability of help at school .15 19.55*** 
Availability of help at home .14 19.84*** 

Note. Estimates are standardized beta coefficients. 
Standardization permits direct comparisons across 
predictors measured on different scales. 
*** p < .001. 

7.4 Conclusions 
Findings from the student survey suggest that frequent MLS use in school settings – particularly when 
paired with strong instructional alignment and support – is associated with positive changes in math 
attitudes. However, unlike school-based MLS use, home use does not reliably promote positive shifts 
in math attitudes. Moreover, the results indicate that home use of the MLS may even undermine the 
promotion of positive shifts in math attitudes. One possible explanation is that, without consistent 
instructional support, frequent home use may lead to unproductive struggle or disengagement. These 
findings highlight the importance of the availability of structured instructional guidance in ensuring 
that MLS use contributes positively to students’ attitudes toward math. 
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8 | Math Learning Software Effectiveness 
8.1 Overview 
In this section of the report, we describe methods and findings related to the fifth evaluation question: 

EQ5. What was the relationship between math learning software usage and student outcomes 
on statewide math assessments, and were these relationships moderated by characteristics of 
the school or characteristics of students? 

This question focuses on the effectiveness of the MLS programs funded through the K–12 Math 
Personalized Learning Software Grant Program. Specifically, it asks whether greater usage or progress 
within these programs is associated with improved student performance in mathematics. 

Because schools and students were not randomly assigned to MLS programs – and because the 
widespread use of MLS made it difficult to identify an appropriate comparison or control group – we 
did not pursue a quasi-experimental design. Instead, we conducted regression analyses that 
controlled for a range of student- and school-level characteristics. This approach allowed us to 
estimate the relationship between MLS usage and student achievement while accounting for other 
factors that may influence outcomes. We also tested for moderation effects to determine whether the 
strength of this relationship varied across different student groups or school contexts. 

Importantly, analyses are based on MLS usage and math achievement data from AY 2023–2024. As of 
July 2025, state-level data for AY 2024–2025 are not yet available. The results of analyses examining 
effectiveness in AY 2024-2025 will be shared in a report to be delivered to the STEM Action Center in 
July 2026. 

8.2 Data Sources 
Analyses for EQ5 relied on two sources of data: (1) MLS usage data for AY 2023-2024 from eight 
vendors and (2) student- and school-level demographic and achievement data for AY 2023-2024 
from the USBE. Below, we describe these data sources in more detail and explain how they were 
merged for analysis. 

Importantly, two vendors were excluded from the EQ5 analyses of student achievement: Freckle/Star 
Math and My Math Academy. Freckle/Star Math was excluded because usage data were not provided. 
For My Math Academy (Age of Learning), usage data were submitted and are included in the 
descriptive analyses presented in this section. However, the majority of My Math Academy users were 
in kindergarten through 2nd grade, and the UEPC only has access to statewide math achievement 
data beginning in 3rd grade. As a result, we were unable to match most My Math Academy users with 
relevant outcome data and, therefore, excluded My Math Academy from the regression analyses 
focused on student growth. 

MLS Usage Data 
As noted above, nine of the ten MLS vendors provided monthly student-level usage reports from 
September 2023 to May 2024. These reports included several usage metrics, including minutes of use, 
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number of logins, days of use, fidelity indicators, and units completed. Usage data also contained 
student and school names, which facilitated the matching process with state education records. 

Student- and School-Level Demographic and Achievement Data 
For this analysis, we used student- and school-level demographic data and measures of academic 
achievement.4 Student-level demographic data included gender, race/ethnicity, grade level, English 
Language Learner (ELL) status, special education status, and low-income status. School-level 
demographic data included the percentage of students classified as low-income, the percentage of 
English Language Learners, and the racial/ethnic composition of the student body, including the 
percentage of students identifying as White. Academic achievement data included student scores on 
the Readiness Improvement Success Empowerment (RISE) assessment for students in grades 3–8 and 
from the Utah Aspire Plus (UA+) assessment for students in grades 9–10. 

For this report, the UEPC focused on Student Growth Percentiles (SGPs) as the key outcome 
variable. An SGP is a continuous measure of academic progress that reflects a student’s growth from 
one year to the next, relative to peers with similar prior achievement. SGP scores range from 1 
(indicating the lowest relative growth) to 99 (indicating the highest). For example, a score of 52 means 
the student demonstrated more growth than 52% of students with comparable scores in the previous 
year. SGPs are more nuanced than student proficiency levels, which indicate whether a student met a 
specific benchmark at a single point in time and do not provide information about student growth. 

SGPs can be especially useful in evaluating the effectiveness of educational interventions because 
they allow researchers to control for students’ prior performance while simultaneously comparing 
their growth to peers with similar starting points. Since SGPs are only available for students in Grades 
4-10, our analyses are limited to these grade levels. Other approaches would also be limited to these 
grades due to the need to control for prior performance. 

Approach to Merging Data Sources 
Student software usage data were merged with student-level records using data security protocols 
and a matching algorithm on a limited set of identifying fields (i.e., student name, grade level, and 
school name). This ensured that each student’s usage data aligned with their corresponding 
demographic and achievement records. Match rates are provided in the results section. 

8.3 Samples 
Two different samples were used in this evaluation to address different analytic goals and to 
maximize the use of available data. The User Sample was used to describe software usage and student 
demographics across all participating vendors who provided MLS usage data. The more refined 
Analytic Sample was used to answer the central research question concerning the relationship 
between software usage and academic outcomes. 

User Sample 
This sample included all students across the eight vendors with matched usage data. It was used to 
calculate vendor-level summaries of student demographics, overall usage patterns, and trends in 

4 The UEPC used data available through its MDSA. 
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engagement over time. These analyses helped provide a descriptive portrait of who used the software 
and how it was used throughout the school year. 

Analytic Sample 
This restricted sample was used for all inferential analyses examining the relationship between usage 
and student academic growth. It included only students in grades 4–10 who had a valid SGP score, 
were successfully matched to student records, and had at least one minute of recorded usage. 
Kindergarten through 2nd grade students were excluded due to the lack of statewide math 
assessments, and 3rd graders were excluded because SGPs require a prior-year test score, which is 
unavailable for them. This refined sample ensured that only students with sufficient data and 
meaningful levels of engagement were included in the outcome analyses. 

8.4 Usage metrics 
The UEPC created six MLS usage metrics to capture both the quantity and consistency of student 
engagement with each program. These metrics were: average monthly usage, average monthly units 
completed, average monthly days of usage, number of months with fidelity-level usage, number of 
months with zero usage, and usage trend, calculated as the slope from a student-level regression 
where monthly usage is predicted from time (month index). A positive usage trend indicates that a 
student’s usage increased over the course of the year, while a negative trend suggests a decline in 
usage over time. Table 7 provides definitions of each usage metric. Using multiple metrics allows us to 
capture a more nuanced view of student engagement and expands on our prior work, which focused 
primarily on average monthly usage. 

Table 7. Usage Metrics and Definitions 

Usage Metric Definition 

Average Monthly Usage Total number of minutes divided by the number of months. 

Average Monthly Units Completed Total number of units completed divided by the number of 
months. 

Average Monthly Days of Usage Total number of days a student used the software divided by the 
number of months. 

Months with Fidelity-Level usage Number of months in which a student met vendor-specific 
thresholds for meaningful or “fidelity” usage. 

Months with Zero Usage Number of months during the school year in which the student 
had no recorded usage. 

Usage Trend 
The slope from a student-level regression where monthly usage is 
predicted from time. This metric indicates increases or decreases 
in usage over time. 
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8.5 Analysis Plan 
The analysis plan for EQ5 focused on examining the relationship between MLS usage and student 
growth in mathematics, as measured by Student Growth Percentiles (SGPs) from statewide 
assessments. To accomplish this, we followed a four-step analytic process: 

First, we conducted descriptive analyses to establish a foundation for understanding the data. This 
included calculating match rates between vendor-provided usage data and student demographic and 
achievement records, summarizing the demographic characteristics of users for each vendor (e.g., 
grade level, income status, English Learner status, race/ethnicity), and exploring usage patterns over 
time, such as average monthly usage from September to May. These descriptive statistics help 
contextualize student engagement levels and highlight differences across MLS programs. 

Second, we explored bivariate associations between usage and student growth by plotting each 
student's average usage against their SGP. These relationships were visualized using generalized 
additive models (GAMs) with smooth splines, which allow for the detection of nonlinear patterns that 
a simple linear model might miss.5 These visualizations helped identify differences across vendors, 
including highlighting those with clear, linear positive associations between usage and growth, as well 
as those with more erratic or non-linear patterns between usage and growth. 

Third, we estimated a series of multilevel regression models to examine associations between the 
MLS usage metrics described in Section 8.4 and SGPs while controlling for relevant student- and 
school-level characteristics. The six usage metrics tested—average monthly usage, average monthly 
units completed, average monthly days of usage, number of months with fidelity usage, number of 
months with zero usage, and usage trend—were standardized within each vendor to allow 
comparability across platforms. These models included controls for student characteristics (e.g., ELL 
status, special education status, low-income status, race/ethnicity) and accounted for the nested data 
structure of students within schools. 

Finally, we tested for interaction effects to assess whether the relationship between average usage 
and student growth varied across student and school groups. In particular, we examined whether 
these associations were moderated by student-level low-income status and school-level poverty, 
recoded as a binary indicator (less than 40% vs. 40% or more low-income). We focused on these 
variables for three reasons: (1) our prior work has shown that economically-disadvantaged students 
tend to use math software for less time than their more affluent peers (Altermatt et al., 2022); (2) 
existing research suggests that students in less affluent schools experienced greater academic 
disruption during the pandemic (e.g., Fahle et al., 2023); and (3) our preliminary analyses indicated 
that these factors were among the strongest moderators of the usage–growth relationship. These 
interaction models helped identify whether MLS was especially beneficial for students who often face 
systemic barriers to academic opportunity 

5 A Generalized Additive Model (GAM) is a type of statistical model that allows for flexibility in how predictors (independent 
variables) relate to the outcome (dependent variable). Unlike linear models, which assume a straight-line relationship 
between predictors and outcomes, GAMs can model more complex, nonlinear relationships. A smooth spline is a 
mathematical technique used within GAMs to create smooth, continuous curves. 

Math Learning Software Grant Program 2024-2025 | 32 



         

 

 

      
     

  

    
  

 
        

       
      

        
         

       
  

         
 

 
     

 
        

    
    

    
    
     

    
    

      
    

    
 

      
         

    
  

    
  

This step-by-step approach provided a comprehensive picture of MLS usage patterns, their 
relationship to student outcomes, and how those relationships may vary across student populations 
and educational settings. 

8.6 Results  
The results corresponding to Steps 1 - 4 in the analytic process outlined above are presented and 
discussed in detail below. 

Step 1: Descriptive Analyses 
Unique Student Users and Match Rates. Student MLS usage records provided by vendors were 
matched with demographic and achievement data (i.e., student name, grade level, and school) using 
data security protocols and a matching algorithm. Table 8 presents the number of unique student 
users, the number of successfully matched records, and the match rate for each vendor. Across eight 
vendors, a total of 306,891 students were identified as software users, with 275,816 (89.87%) 
successfully matched to student records. Match rates varied by vendor, ranging from 78.71% 
(Mathspace) to 94.5% (DreamBox). Consistent with the number of awards made (see Table 1), i-Ready 
had the highest number of unique student users that could be matched to student records, followed 
by Derivita and ALEKS. 

Table 8. Unique Student Users and Match Rates 

Vendor Unique Student Users Matched Match Rate (%) 

ALEKS 46,073 40,155 87.16 
Derivita 54,150 46,866 86.55 
DreamBox 600 567 94.50 
i-Ready 143,303 132,520 92.48 
Imagine Learning 18,973 17,539 92.44 
IXL 16,767 14,160 84.45 
Mathspace 2,001 1,575 78.71 
My Math Academy 502 464 92.43 
ST Math 24,522 21,970 89.59 
Total 306,891 275,816 89.87 

User Demographics. Table 9 presents key demographic indicators for each vendor, including the 
grade level range encompassing 95% of users as well as the percentage of students classified as low-
income, English Language Learners (ELL), receiving special education services, and identified as 
chronically absent. Additionally, racial/ethnic composition is reported to further capture the diversity 
of student populations served by each vendor. 
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Table 9. Student Demographics by Vendor 

Vendor 
Grade 
levels* 

Low 
income 

(%) 

ELL 
(%) 

Special 
Ed 
(%) 

Chronically 
Absent 

(%) 

W 
(%) 

H 
(%) 

B 
(%) 

A 
(%) 

AI 
(%) 

PI 
(%) 

O 
(%) 

ALEKS 3 - 12 34 5 14 22 77 16 1 1 1 1 3 
Derivita 6 - 12 26 5 8 19 74 15 2 2 1 2 4 
DreamBox 2 - 8 54 17 20 27 58 35 1 2 1 1 2 
i-Ready K - 8 35 11 17 24 70 21 2 2 1 2 4 
Imagine Learning K - 9 28 6 18 24 74 16 1 2 1 2 4 
IXL K - 12 32 9 22 25 72 19 1 1 1 1 4 
Mathspace 6 - 12 31 3 26 30 80 12 1 1 3 1 2 
My Math Academy K - 2 56 17 21 38 51 27 2 2 14 2 1 
ST Math PK - 9 36 10 19 25 70 18 2 2 1 2 4 

* 95% of users fell within these grade levels 
Note: ELL = English Language Learner. W = White. H = Hispanic. B = Black. A = Asian. AI = American Indian. PI = 
Pacific Islander. O = Other. 

The demographic composition of students varied across vendors, indicating differences in grade 
levels served and school populations. Some vendors primarily supported elementary students (e.g., 
ST Math, DreamBox), while others focused on secondary grades (e.g., Derivita, Mathspace). The 
percentage of low-income students ranged from 26% (Derivita) to 54% (DreamBox), while the 
proportion of English Learners was highest for DreamBox (17%), My Math Academy (17%), and i-Ready 
(11%) and lowest for Mathspace (3%). Special education representation also varied, from 8% 
(Derivita) to 26% (Mathspace), as did chronic absenteeism, which ranged from 19% (Derivita) to 38% 
(My Math Academy). Racial composition differed across vendors, with the percentage of white 
students highest in Mathspace (80%) and lowest in DreamBox (58%) and My Math Academy (51%), 
which had the largest proportion of Hispanic students (35% and 27%, respectively). These 
demographic differences provide important context for interpreting the effectiveness of each 
software program. 

Usage Trends. Figure 8 is a line graph that illustrates how students interact with MLS programs 
throughout the school year by showing the average monthly usage6 for each vendor from September 
2023 to May 2024. ALEKS and DreamBox consistently show the highest usage levels, suggesting that 
students using these platforms spend more time on them than students using other platforms. 
Differences across vendors in average monthly usage should, however, be interpreted with caution as 
time may be recorded differently depending on each platform’s tracking methods. A noticeable 
decline in usage appears in December and May, aligning with school holidays and the end of the 
academic year. Usage generally rebounds from December to January, suggesting that students return 
to regular engagement after the holiday break. 

6 We focus on average monthly usage for visualizing time-based trends and conducting interaction analyses because 
it is the most consistently defined and interpretable metric across vendors. While our regression models include 
additional usage indicators, average monthly usage offers a clear, comparable reference point for examining patterns 
over time and student group differences. 
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Figure 8. Usage Trends by Month and Vendor 

Step 2: Bivariate Associations 
Figure 9 presents the association between students’ average monthly usage in minutes and their 
Student Growth Percentiles (SGPs) for each of the eight vendors. These visualizations provide 
preliminary evidence of a positive association between program engagement and academic growth, 
which is further explored through multilevel regression modeling in the next section. Each panel 
shows a separate vendor, with two lines displayed: a red solid line representing a generalized additive 
model (GAM) with a smooth spline, and a gray dashed line representing the best-fitting linear trend. 
The GAM line flexibly models the relationship between usage and growth, allowing for the detection of 
non-linear patterns that a simple straight-line model might miss. Because average usage and SGPs 
vary across vendors, the axes are scaled individually for each panel. 

Overall, most vendors exhibit a positive and approximately linear relationship between software 
usage and student growth. This trend suggests that students who used the programs more frequently 
tended to demonstrate higher academic growth. For example, vendors like i-Ready, IXL, and ST Math 
show clear upward trends in both the moving average and linear fit lines. Some vendors, such as 
ALEKS and DreamBox, display growth that plateaus at higher usage levels, indicating possible 
diminishing returns. Mathspace stands out as an exception, showing a more erratic pattern in the 
moving average line with an early spike followed by a decline, which may reflect anomalies in usage 
data or differences in implementation across schools. 
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Figure 9. Bivariate Associations Between Usage and Student Growth Percentiles (SGPs) 

Step 3: Multilevel Regression Models 
We used multilevel regression to examine the relationship between each of the six usage metrics and 
student growth, as measured by Student Growth Percentiles (SGPs), while controlling for student- and 
school-level characteristics. Table 10 presents the standardized coefficients for each usage metric 
across the eight included vendors. All usage variables were standardized within vendor to allow for 
comparability across models. Taken together, the results highlight that not only the quantity of usage, 
but also the consistency and trajectory of engagement, play a role in supporting student growth 
across different personalized math learning platforms. 

Table 10. Summary of Results from Regression Models 

Usage Metrics ALEKS Derivita 
Dream-

Box i-Ready 
Imagine 
Learning IXL 

Math-
space ST Math 

Average usage 3.97*** 1.86*** 5.14*** 4.27*** 3.98*** 3.10*** NS 1.46** 
Units completed 5.83*** NS 5.32** 4.88*** 3.94*** 2.87*** NS 3.97*** 
Days of Usage 3.91*** 0.67** 4.98** 2.95*** 3.24*** 3.28*** NS NS 
Fidelity 4.18*** NS 6.34** 4.66*** 3.86*** 4.05*** 3.04** 1.55*** 
Zero usage months -2.68*** -1.77*** -4.26** -1.83*** -2.28*** -2.05*** NS NS 
Usage trend NS 1.15*** NS 0.99*** NS NS NS 1.69*** 

** p < .01. *** p < .001. 
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Average monthly usage was a significant positive predictor of student growth for all vendors except 
Mathspace, with coefficients ranging from 1.46 (ST Math) to 5.14 (DreamBox). Average monthly units 
completed and average days of usage were also positively associated with SGPs for most vendors, 
though days of usage was not significant for ST Math, and units completed was not significant for 
Derivita. Fidelity of usage, which is the number of months a student met vendor-specific usage 
thresholds, was consistently associated with higher SGPs for all vendors except Derivita. In contrast, 
months with zero usage were negatively associated with growth for all vendors except ST Math, 
indicating that inconsistent or interrupted usage may be detrimental to academic progress. The 
usage trend, which captures whether a student’s usage increased or decreased over time, was a 
significant predictor for Derivita, i-Ready, and ST Math. A positive trend in usage over the year was 
associated with higher SGPs, suggesting that increasing engagement may be particularly important 
for these programs. 

To further illustrate the relationship between student usage and growth, we plotted the model-
adjusted predicted SGP values across quartiles of average usage for each vendor in Figure 10. The first 
quartile (Q1) represents the bottom 25% of students with the lowest usage, while the fourth (Q4) 
represents the top 25% of students with the highest usage levels. Quartiles were calculated within 
each vendor to account for differences in scale and usage patterns. These estimates are based on the 
multilevel regression models and are adjusted for student- and school-level covariates. Error bars 
represent 95% confidence intervals. The horizontal dashed lines indicate the model-predicted mean 
SGP for users of each vendor. Since vendors serve different student and school populations—some 
with higher average growth and others with lower—the dashed lines help highlight these underlying 
differences and offer important context for understanding variation in growth across vendors. 

Figure 10. Predicted Student Growth Percentiles (SGPs) by Usage Quartile Across Vendors 

Across most vendors, a clear positive trend emerges: students in higher usage quartiles tend to have 
higher predicted SGPs. The pattern is especially pronounced for vendors such as ALEKS, DreamBox, i-
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Ready, Imagine Learning, and IXL. While the relationship is somewhat flatter for Derivita, Mathspace, 
and ST Math, a positive association is still visible across quartiles. 

To contextualize these modeled predictions with actual usage patterns, Table 11 shows the median 
monthly usage (in minutes) for students in the lowest 25% (Q1) and highest 25% (Q4) usage quartiles, 
along with differences in the model-predicted SGPs at these usage levels. As shown, students in the 
highest quartile had predicted SGPs that were 3 to 13 points higher, on average, than students in the 
lowest quartile. Usage levels and SGPs for all four quartiles are presented in Appendix A. 

Table 11. Usage Levels (Q1 and Q4) and Predicted Student Growth by Vendor 

Vendor 
Q1 Usage 

(monthly mins) 
Predicted SGP 

for Q1 
Q4 Usage 

(monthly mins) 
Predicted SGP 

for Q4 Difference 
ALEKS 26 47.90 411 57.31 +9.40 
Derivita 7 44.26 141 48.55 +4.30 
DreamBox 32 33.53 413 46.31 +12.78 
i-Ready 35 43.88 186 53.96 +10.08 
Imagine Learning 8 44.72 154 54.02 +9.30 
IXL 11 42.78 132 50.11 +7.33 
Mathspace* 25 47.80 188 50.67 +2.87 
ST Math 6 47.38 212 51.39 +4.01 

*For Mathspace, monthly usage was not a statistically significant predictor of student growth in the model; 
results for Mathspace should be interpreted with caution. 

Importantly, comparisons across MLS programs should be made with considerable caution, as 
vendors differ not only in implementation contexts and student populations, but also in the 
intended use and instructional design of their products. For example, as detailed in Table 9, 
DreamBox supports a student population that includes a higher proportion of low-income (54%) and 
English Language Learners (17%) than other vendors, which likely contributes to its mean predicted 
SGPs being below 50—even among students with the highest usage levels. This does not indicate 
program ineffectiveness; rather, the substantial differences in predicted growth between high- and 
low-usage students demonstrate that DreamBox use is positively associated with achievement gains, 
despite serving a more educationally challenged population. 

Step 4: Interaction Effects 
In addition to examining the main effects of usage metrics, we also tested whether the relationship 
between average monthly usage and student growth varied by student- and school-level 
characteristics. In these models, average monthly usage was standardized within each vendor, so 
interaction effects represent relative differences in how usage relates to growth across student 
groups. These interaction models help identify whether certain groups of students benefit more—or 
less—from increased software engagement. 

The most meaningful and consistent interactions emerged around student- and school-level low-
income status. Significant positive interactions were observed for ALEKS, Derivita, and IXL, at both the 
student and school levels. This means that the relationship between software usage and student 
growth was stronger for students from low-income backgrounds and for those attending schools with 
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higher concentrations of low-income students. In other words, greater usage appears to offer 
additional benefits for students who may face heightened academic challenges related to 
socioeconomic disadvantage. 

These interactions are visualized in Figure 11. The upward slopes for low-income groups and high-
poverty schools illustrate that increased usage is more strongly associated with higher growth for 
these student populations. These findings suggest that when used consistently, personalized math 
learning software may help narrow achievement gaps. 

Figure 11. Interactions with Low-Income 

Note: Schools are identified as low-income if 40% or more of students were eligible for free or reduced-price 
lunch. 
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At the same time, these promising results point to an important challenge: students from low-income 
backgrounds consistently show lower average usage than their peers across most vendor platforms, 
as shown in Figure 12. This disparity in usage limits the potential for these programs to reduce 
achievement gaps at scale. Together, these findings highlight a critical concern: while personalized 
math software can support low-income students’ academic growth, intentional strategies are needed 
to ensure that these students have systemic access to and engagement with the programs throughout 
the school year. 

Figure 12. Usage by Student Income Status 

Finally, we also identified a few additional statistically significant interactions that are not visualized 
here. For ALEKS, ST Math, and IXL, there were significant negative interactions between usage and 
grade level, suggesting diminishing returns in later grades. Additionally, for ALEKS and i-Ready, there 
were significant negative interactions between usage and gender (female), indicating that the positive 
effect of usage was more pronounced for male students. While these findings are vendor-specific, they 
provide further insight into how software engagement may vary across student groups and contexts. 

8.7 Conclusions 
Positive associations were found between MLS usage and math achievement gains across all eight 
vendors for which MLS usage and achievement data were available. Positive associations were 
especially pronounced for ALEKS, DreamBox, i-Ready, Imagine Learning, and IXL. While flatter, 
positive associations were also observed for Derivita, Mathspace, and ST Math. Across most products, 
students from low-income backgrounds used MLS less frequently than their peers (see also Altermatt 
et al., 2022). This is concerning, as there is some evidence that, when usage is equal, economically 
disadvantaged students and students from schools with a high percentage of students from low-
income backgrounds often experience greater academic gains. 
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9 | Recommendations 
Based on our evaluation of the K–12 Math Personalized Learning Software Grant Program, the Utah 
Education Policy Center offers the following recommendations to help strengthen implementation, 
increase access to academic opportunity through math learning software (MLS) usage, and improve 
outcomes associated with MLS use across Utah’s schools. 

9.1 Strengthen Supports for Implementing Promising 
Practices 
Teachers reported using three promising practices for MLS implementation – that is, setting mastery-
based goals, using MLS data to guide instruction, and engaging students in data-informed 
conversations – at only low to moderate levels. Fewer than 30% reported using these practices 
extensively. This is a concern, as these strategies were linked in the current study to more positive 
perceptions of the value of MLS and have previously been linked with stronger student achievement 
gains (Altermatt et al., 2024b). 

To support broader use of these practices, the STEM Action Center and vendors should consider 
expanding professional learning opportunities focused on instructional strategies that promote high-
quality MLS use and integration. In addition, enhancing MLS tools to better support goal setting and 
data use could help make these practices more accessible and intuitive for teachers. Research in 
learning analytics suggests that many existing tools are not well aligned with teachers’ instructional 
needs (Van Schoors et al., 2023). For example, Holstein et al. (2017) found that static dashboards 
showing students’ mastery levels may be less helpful than dynamic, real-time alerts that identify 
when a student has lost the motivation to meaningfully engage with MLS, is productively struggling 
with MLS content, or is approaching mastery and could benefit from targeted encouragement or 
guidance. Such features could empower teachers to intervene more effectively and meaningfully 
integrate MLS data into daily instruction. 

9.2 Foster Alignment Between Software Content and 
Classroom Instruction 
Students perceived MLS tools as more valuable and reported greater improvements in math attitudes 
when there was clear alignment between the software content and what they were learning in class. 
Strengthening this alignment can enhance both MLS engagement and academic outcomes (see also 
Pane et al., 2017). 

MLS vendors could support better integration by continuing to improve the flexibility of their 
products. This might include incorporating features that allow teachers to more easily sequence, 
customize, and select content that aligns with their specific instructional goals and the pacing of their 
curriculum. Providing teachers with more intuitive controls and clearer guidance for aligning digital 
content with state standards or district curricula would further support this goal. 

LEAs can also play a critical role in fostering alignment by offering dedicated planning time for 
maximizing effective MLS use and facilitating collaborative professional learning (e.g., Professional 
Learning Communities or Communities of Practice). Equipping educators with both the planning time 
and the skills to use MLS effectively will help create greater instructional coherence, maximize the 
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impact of the software, and support more personalized and meaningful learning experiences for 
students. 

9.3 Expand MLS Participation Through Targeted Supports 
Students from low-income backgrounds used MLS less frequently, on average, than their more 
affluent peers. This gap is especially concerning given evidence that, when usage is equivalent, 
economically disadvantaged students often make greater academic gains (Canbolat & Arndt, 2024; 
Darling-Aduana & Capers, 2024). Lower usage may reflect structural barriers such as limited home 
internet access, inconsistent device availability, or differences in adult support – all of which can 
reduce students’ ability to engage with MLS. 

To help close this gap, the USBE, STEM Action Center, LEAs, and/or vendors could prioritize 
investments in funding, technical assistance, and targeted implementation support for schools 
serving higher percentages of low-income students. These efforts are particularly important given 
findings from a prior UEPC report indicating that teachers in these schools were less likely to adopt 
effective MLS implementation practices (Altermatt et al., 2024b). 

Even with strong teacher-level supports, some students – especially those facing the greatest barriers 
– may still need more targeted help to fully engage with MLS. Pairing MLS use with high-dosage 
tutoring is one promising way to provide that support. Tutors can offer consistent encouragement, 
help students stay on track, and troubleshoot challenges as they arise. This kind of “stacked” model 
has the potential to boost both MLS engagement and learning, particularly for students who have 
historically been underserved by educational technology initiatives (Bhatt et al., 2024; Thomas et al., 
2023). With its dual investment in MLS licenses and the Math Mentors Program – which integrates 
high-dosage tutoring with MLS use – the STEM Action Center is uniquely positioned to lead in this 
area. 
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Appendix A:  Usage  Levels  and  Predicted  Student  
Growth  Percentiles  (SGPs) by Quartile  and  Vendor  

 
 Vendor    Q1 Usage    Q1 SGP    Q2 Usage    Q2 SGP    Q3 Usage    Q3 SGP    Q4 Usage    Q4 SGP  

  ALEKS   26   47.90   111   49.99   231   52.91   411   57.31  
  Derivita   7   44.26   29   44.97   67   46.19   141   48.55  
 DreamBox    32   33.53   127   36.73   229   40.14   413   46.31  
  i-Ready   35   43.88   75   46.56   121   49.61   187   53.96  
   Imagine Learning   8   44.72   38   46.64   84   49.58   154   54.02  
  IXL   11   42.78   38   44.44   73   46.53   132   50.11  
  Mathspace   25   47.80   55   48.33   110   49.30   188   50.67  
  ST Math   6   47.38   41   48.06   107   49.36   212   51.39  

 
 

 
      

   
  

 
       

      
       

   
   

   
      

    
  

 
 

Notes: 

1. Usage values represent the median average monthly usage (in minutes) among students in 
each quartile. Predicted SGP values are based on multilevel regression models adjusted for 
student- and school-level covariates. 

2. Comparisons across MLS programs should be made with considerable caution, as vendors 
differ not only in implementation contexts and student populations, but also in the intended 
use and instructional design of their products. For example, as detailed in Table 9, DreamBox 
supports a student population that includes a higher proportion of low-income (54%) and 
English Language Learners (17%) than other vendors, which likely contributes to its mean 
predicted SGPs being below 50—even among students with the highest usage levels. This does 
not indicate program ineffectiveness; rather, the substantial differences in predicted growth 
between high- and low-usage students demonstrate that DreamBox use is positively 
associated with achievement gains, despite serving a more educationally challenged 
population. 
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