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The study examines the validity of four commonly used early numeracy 
curriculum-based measurement (EN-CBM) tools in relation to math cri-
terion measures. Additionally, the investigation examines the reporting 
quality of the included studies as related to important features of assessing 
CBM’s technical adequacy. For inclusion in the meta-analysis, research 
had to investigate and report on the criterion validity of EN-CBM—oral 
counting, numeral identification, quantity discrimination, missing num-
ber—administered to students in preschool, kindergarten, or Grade 1. 
Twenty-two studies published between 1997 and 2023 met inclusion cri-
teria, with 272 correlations and 4,130 total participants. A meta-analysis 
with robust variance estimates for correlated and hierarchical effects was 
conducted to estimate the average weighted correlations between the four 
EN-CBM tasks and math outcome measures and to identify potential 
moderating variables (grade level, CBM type, criterion measure type, 
correlation lag time). Results indicated the average weighted correlation 
across all EN-CBM was significantly correlated with criterion measures 
(r =.48; 95% CI [0.430, 0.528]). The average weighted correlation be-
tween EN-CBM and criterion measures was significantly smaller for EN-
CBM oral counting and state test criterion. Results indicated that grade 
level and administration lag time did not significantly predict relations 
between EN-CBM and criterion measures. The quality coding results re-
vealed many opportunities for improving information reporting across all 
indicators (attrition [M = 0.63], EN-CBM reliability [M = 1.48], scoring 
reliability [M = 1.24], and administrator training [M = 1.60]). Results 
are discussed in terms of implications for practitioners who administer 
EN-CBM in school settings. 
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Introduction

Early Math Screening and Declining U.S. Scores
Given the 2022 U. S. Nation’s Report Card recorded a significant decline 

(-11 points) in math scores from the 2019 assessments, along with persistent low 
math achievement over the last two decades, there has been a strong emphasis on 
early identification of students at risk in math (National Center on Education Sta-
tistics [NCES], 2022). Of the 29 education systems participating in the Trends in 
International Mathematics and Science Study (TIMSS) in both 2011 and 2019, the 
United States was the only one to experience a widening score gap in math between 
high- and low-performing students (Stephens et al., 2022). Within the multi-tiered 
system of support (MTSS) framework in schools, screening students early in their ac-
ademic development is especially important to assess the achievement levels of those 
who are or may be at risk of math difficulties (MD). To identify students who may 
be at risk, measures need to be technically adequate, easy to administer, and imple-
mented at regular intervals throughout the academic year (Dong et al., 2023; Gersten 
et al., 2012). Given its brevity, ease of administration, and strong technical adequacy, 
curriculum-based measurement (CBM; Deno, 1985) is one of the most common ap-
proaches to screening students in early grades (VanDerHeyden et al., 2017). CBM is 
standardized and efficient, making it an optimal tool within the MTSS framework 
for making instructional decisions (Fuchs et al., 2021). Early numeracy curriculum-
based measurement (EN-CBM) is the most commonly used method of CBM to 
screen early grade students (kindergarten and Grade 1) for risk in math. Screening 
across the school year allows educators to identify students who may benefit from 
intervention and subsequently evaluate students’ progress (Dong et al., 2023; Fuchs & 
Vaughn, 2012); however, this requires that schools have access to technically adequate 
screening tools to identify risk, especially at school entry.

To determine technical adequacy, screening tools such as CBM and EN-
CBM should be assessed for criterion validity. Criterion validity is a key aspect of 
CBM as it demonstrates how accurately the test measures its intended outcome 
(Ketterlin-Geller et al., 2019). To demonstrate how accurately CBM assesses their in-
tended outcome, researchers can examine the relation between CBM tasks and other 
math assessments, such as norm-referenced tests or state tests (Lee & Lembke, 2016). 
However, establishing criterion validity of CBM, particularly in math, has been chal-
lenging because of the multifaceted nature of math skills (Nelson et al., 2023). The 
technical adequacies of math CBM, such as reliability and validity, have been report-
ed to be weaker (Foegen et al., 2007; Nelson et al., 2023) compared to reading CBM 
(Clements et al., 2023); an equivalent general outcome measure in CBM for math, 
like oral reading fluency for monitoring general reading proficiency over time, has 
never been found (Miciak et al., 2024). To address this issue, CBM can include broad-
er math content to increase its correlation with criterion measures, but the downside 
is it may be less sensitive to changes in student performance over time (Nelson et al., 
2023). Thus, the technical adequacy of single points in time, which refers to Stage 1 
research in CBM (Fuchs & Fuchs, 2004), has been most extensively studied to mea-
sure CBM’s validity and screening accuracy (Foegen et al., 2007; Nelson et al., 2023). 
Despite these efforts, no meta-analysis has been conducted to synthesize the relation 
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between EN-CBM and its criterion measures. Given the recent uptick in individual 
studies reporting on the validity of EN-CBM (Nelson et al., 2023), it is an appropri-
ate time to quantitatively synthesize the latest knowledge on its criterion validity. 
Thus, the purpose of this meta-analysis is to examine how students’ performance on 
EN-CBM relates to their performance on math achievement criterion measures. Spe-
cifically, this meta-analysis focuses on oral counting, numeral identification, quantity 
discrimination, and missing number forms of EN-CBM. In the sections that follow, 
we discuss the importance of early numeracy skills development, screening practices 
in schools, and previous research that has guided the current meta-analysis. 

Early Numeracy Curriculum-Based Measurement (EN-CBM)
EN-CBM is used to screen students in preschool, kindergarten and Grade 

1 for risk in math by measuring their early numeracy. Early numeracy performance 
for kindergarteners and first graders has commonly consisted of the four domains of 
oral counting, numeral identification, quantity discrimination, and missing number. 
These domains have also been studied as a potential indicator of concurrent and 
future risks of MD. Hence, researchers have most commonly built screening tools 
around those skills (Methe et al., 2011b). Oral counting, the ability to verbally count a 
string of numbers, was measured by Koponen et al. (2019) in kindergarten as predic-
tive of calculation fluency and word problem-solving skills in Grade 4 as well as broad 
math performance in Grade 7. In addition, oral counting was found to be a strong 
predictor of later arithmetic fluency (Aragón et al., 2016; Lê & Noël, 2021; Locuniak 
& Jordan, 2008) and later strategy sophistication (Chu et al., 2018). Students who 
demonstrated MD (i.e., chronic low achievement in math; Nelson & Powell, 2018) in 
Grade 1 showed more difficulty with producing the correct count sequence (Geary 
et al., 2000). Other researchers have also linked lower counting skills in kindergarten 
with difficulty with number knowledge and mental arithmetic in Grade 1 (Desoete & 
Grégoire, 2006). Likewise, numeral identification, the ability to identify numbers that 
correspond with a given quantity, is also a key measure of EN-CBM. A longitudinal 
study of students from Grades 1 to 4 found that on a task of numeral identification, 
students with persistent MD performed more slowly compared to students without 
MD (Vukovic & Siegel, 2010). Chard et al. (2005) investigated number identification 
with kindergarten students to predict MD and confirmed its predictive and concur-
rent validity. Quantity discrimination refers to comparing quantities with their sym-
bolic representations. Rouselle and Noel (2007) examined quantity discrimination 
and compared the instructional efficacy of presenting quantities as numerals com-
pared to sets (e.g., as dots) for at-risk students. They found students with MD were 
able to distinguish sets and compare the numerosity of the sets just as well as students 
without MD. However, students with MD were slower and less accurate in comparing 
numerals than students without MD. Reigosa-Crespo et al. (2012) found efficiency in 
enumerating sets of dots and number comparison was associated with arithmetical 
competence and developmental dyscalculia in second to ninth grade students. Final-
ly, missing number refers to the ability to identify a missing number in a given series. 
Ability to identify missing numbers was found to be a strong predictor of Grade 3 
math domains as measured by a state test, such as numbers and operations, algebra, 
and data analysis (Kiss et al., 2019). Measures that focus on number sequence can 
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also distinguish between students with persistent MD and students without persis-
tent MD (Vukovic & Siegel, 2010). Failure to acquire one or more of these four early 
numeracy skills may result in difficulty acquiring more advanced skills, as they are 
precursors to understanding formal mathematics (Chard et al., 2005; Clarke & Shinn, 
2004; Lembke et al., 2008; NMAP, 2008; NRC, 2009).

Meta-Analyses on EN-CBM and Criterion Measures
Criterion validity is important, but to date there has been no meta-analysis 

conducted to synthesize the relation between EN-CBM and its criterion measures. 
However, two relevant meta-analyses addressed CBM and criterion measures in math 
but differed in their focus on math skills and grade bands (i.e., Codding et al., 2023; 
McCulloch, 2010). McCulloch (2010) reviewed 16 studies focused on early math 
CBM (EM-CBM) of counting, comparing and ordering quantities, adding/subtract-
ing, mixed skills, and readiness concepts—defined as knowledge about shapes and 
colors, size, and pattern recognition. The author specifically referred to the measures 
as EM-CBM due to their focus on math broadly from preschool through Grade 2, as 
opposed to just early numeracy. McCulloch found a moderate relation between EM-
CBM and norm-referenced math achievement measures (r = .49). While McCulloch’s 
contribution to summarizing the evidence on the concurrent validity coefficients of 
EM-CBM is valuable, the findings were limited, as McCulloch only examined EM-
CBM criterion validity in relation to norm-referenced math achievement tests; the 
author did not consider other criterion measures, such as state tests or researcher-
developed measures. In addition, McCulloch did not report results related to the four 
EN-CBM tools (other than counting) that are the focus of the current meta-analysis.

A more recent meta-analysis conducted by Codding et al. (2023) exam-
ined the validity of CBM-Mathematics (CBM-M) in relation to math outcomes 
from Grades 2 to 8. Codding et al. included 29 studies focused on two types of CBM 
(computation or conceptual knowledge and applications) and their criterion mea-
sures. The average correlation was r =.584 [95% CI: 533, .635]; the authors con-
cluded scores were strongly correlated with criterion measures. The implications of 
this study are important, revealing that these two CBM tools are used for screening 
students in Grades 2 to 8, with emerging evidence of their construct validity and 
utility in schools. However, Codding et al.’s study was limited to Grades 2-8, unlike 
the current meta-analysis, which examines early numeracy in preschool to Grade 1. 
The current meta-analysis differs from and builds on the two previous meta-analysis 
studies by focusing on four domains of early numeracy and specific grade bands from 
kindergarten to Grade 1. 

Potential Moderators of EN-CBM and Criterion Measures
Previous findings across meta-analyses are mixed regarding the significance 

of various moderators of the relation between CBM and criterion measures. The 
moderators that have been investigated previously with other types of CBM may have 
practical implications for early numeracy screening methods in schools. Given the re-
cent uptick in individual studies reporting on the validity of EN-CBM (Nelson et al., 
2023), it is an appropriate time to quantitatively synthesize the current evidence base 
and examine the moderating role of grade level, CBM type, criterion measure type, 
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and correlation lag time. In addition, considering the recent focus on reporting qual-
ity in the field (Appelbaum et al., 2018; Park & Nelson, 2022; Cook et al., 2018; Cum-
mings et al. 2023; Page et al., 2021), it is important to assess the quality of reporting 
related to attrition, reliability of the EN-CBM, scoring reliability, and administrator 
training in the included studies. The following section highlights the possible mod-
erators from previous meta-analyses for examining the relation between EN-CBM 
and criterion measures. 

Grade Level 
Each grade has different standards for end-of-year expectations in math. 

Therefore, it is important that researchers and practitioners alike understand whether 
the relation between EN-CBM and later math achievement is affected by the stu-
dents’ grade level. In their meta-analysis, Codding et al. (2023) reported scores on 
math computation (MCOMP) and math concepts and applications (MCAP) had a 
stronger relation with criterion measures in middle and high school compared to 
elementary school. McCulloch (2010) reported stronger correlations for Grade 1 and 
Grade 2 EM-CBM compared to preschool. In contrast, two previous meta-analyses 
focused on CBM in reading reported grade level was not a significant moderator of 
the relation between CBM and criterion measures (Reschly et al., 2009; Shin & Mc-
Master, 2019).

EN-CBM Type
Although CBM as a screening tool is intended to be brief in administra-

tion and scoring, schools who are struggling with access to resources and staff time 
may need to consider administering fewer EN-CBMs overall as part of their universal 
screening process. Thus, it may also be important to identify whether a specific EN-
CBM has a stronger relation with later math achievement. Codding et al. (2023) re-
ported the relation between a CBM and criterion measure was significantly larger for 
MCAP than MCOMP. McCulloch (2010) reported EM-CBM focused on counting 
yielded significantly lower correlations than other measures (i.e., comparing and or-
dering quantities, adding/subtracting, mixed skills, readiness concepts). In contrast, 
in a meta-analysis of CBM for reading, Shin and McMaster (2019) reported the type 
of CBM—oral reading fluency or maze reading—did not significantly moderate the 
relation between the CBM and criterion.

Criterion Measure Type
The scores from administering a universal screening measure are used to 

predict the likelihood a student will later pass or fail some kind of criterion. Students 
who are predicted to fail the criterion are typically identified to receive interven-
tion. In later grades, state tests often serve as a criterion; however, most states do not 
administer state tests in math to children in preschool through Grade 1. Research-
ers and practitioners may use other criterion measures, including norm-referenced 
achievement tests, researcher-developed measures, and other CBM tools. Codding 
et al. (2023) reported the criterion measure was not a significant moderator of the 
relation between Grades 2–8 math CBM and criterion measures. Whereas, in a meta-
analysis of CBM reading for students in Grades 1–10, Reschly et al. (2009) reported 
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norm-referenced tests yielded significantly higher correlations with the criterion 
than state tests did.

Administration Lag Time
Schools often screen students for academic difficulty during the fall, winter, 

and spring. The scores from universal screening are used to determine a student’s 
level of risk, typically for end-of-year failure on a criterion measure. Screening con-
ducted in the fall has a greater lag time to the end of the year, compared to screening 
conducted in the winter. Therefore, it is important meta-analyses investigate wheth-
er lag time affects the overall strength of the relation between EN-CBM and math 
achievement to provide recommendations about EN-CBM across different screening 
periods. In a meta-analysis focused on Grades 2–8 MCOMP and MCAP, Codding et 
al. (2023) reported statistically larger concurrent correlations (i.e., shorter lag time), 
as compared to predictive correlations. In contrast, in a meta-analysis of EM-CBM, 
McCulloch (2010) reported statistically larger predictive correlations on average, 
compared to concurrent correlations. Authors of meta-analyses focused on reading 
CBM have reported similar larger average concurrent correlations than predictive 
correlations (Reschly et al., 2009; Shin & McMaster, 2019) and mixed findings (Janu-
ary & Klingbeil, 2020).

Quality of Studies in Meta-Analysis Research
Since the start of the 21st century, many organizations and professions have 

given attention to the quality of research and have established their own set of re-
porting standards (Appelbaum et al., 2018; Cook et al., 2009; Gersten et al., 2005; 
Thompson et al., 2005). These efforts were based on the consensus that researchers 
should provide sufficient details—such as their positionality, clear constructs, and ro-
bust methodological procedures—to ensure transparency and applicability of review 
findings (Cook et al., 2018; Cummings et al., 2023; Page et al., 2021). Drawing from 
the established quality indicators in the field, several researchers have investigated 
and reported on the quality of reporting within educational research, including in 
measurement research (Park & Nelson, 2022), intervention research (Jitendra et al., 
2016), and meta-analysis research (Nelson et al., 2022). 

Quality of reporting should also be examined in criterion validity studies, as 
some aspects of study reporting quality may impact readers’ interpretation or gener-
alization of the results. For example, according to experts, information gathered from 
the administration of CBM is “only as good as the corresponding data collection and 
scoring procedures” (Gersten et al., 2005, p. 160). Other experts have stated it is criti-
cal for all authors to examine the reliability of the data for their sample, given that 
participants across studies vary (Thompson & Vacha-Haase, 2000). Yet, among the 
previous meta-analyses focused on CBM research, only McCulloch (2010) investigat-
ed issues of quality. McCulloch investigated examiner training and scoring reliability 
and reported differences in training did not yield significantly different correlations 
with quality, whereas variations in how procedural integrity was reported yielded 
significantly different correlations.
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Purpose and Research Questions
With the recent increase in the number of studies focused on EN-CBM 

(Nelson et al., 2023), now is an appropriate time to conduct a comprehensive review 
of EN-CBM criterion validity studies. Performing a meta-analysis allows researchers 
to report on the convergence of evidence on a topic (Siddaway et al., 2019). A meta-
analysis allows the summary of results by calculating an overall average weighted 
effect size (ES) across studies and exploring study- and sample-related sources of 
possible heterogeneity in the ESs (Cooper et al., 2019). This approach allows the sum-
mary of results by calculating an overall ES estimate and the examination of poten-
tial sources of heterogeneity in the ESs through moderator analyses (Pustejovsky & 
Tipton, 2022). Meta-analyses also provide consumers of research with a report of 
findings across the literature base (Park et al., 2024). The current meta-analysis quan-
titatively synthesizes the criterion validity of EN-CBM. The results of the meta-anal-
ysis will inform screening practices in schools, and the results of the study reporting 
quality analysis will inform areas of need in future research. The research questions 
were as follows:

1. What are the average weighted correlations between EN-CBM and math 
achievement criterion measures?

2. What variables moderate the relation between students’ performance on 
EN-CBM and criterion measures (i.e., grade level, CBM type, criterion 
measure type, and correlation lag time)?

3. What is the study reporting quality of the included studies, and does study 
reporting quality moderate the relation between EN-CBM and crite-
rion measures?

Method

Literature Search Strategies
The literature search for this meta-analysis was conducted as part of a litera-

ture search for a broader CBM-M project (Nelson et al., 2023) and was expanded for 
this meta-analysis. See Figure 1 for a PRISMA diagram that outlines the number of 
articles retrieved and reviewed at Steps 1 and 2 and reasons for exclusion. Collectively, 
the search included literature published from 1975 to December 2023.

Step 1: Original Search
The first step involved selecting studies from a corpus of studies identified as 

part of a literature search in which members of our research team updated the Foegen 
et al. (2007) review of CBM-M (Nelson et al., 2023). To conduct a comprehensive 
review of the literature, (Nelson et al., 2023) first conducted an electronic search us-
ing Academic Search Premier, Education Research Complete, Educational Resources 
Information Center, PsycARTICLES, and PsycINFO. Nelson, G., Kiss, A. J., Codding, 
R. S., McKevett, N. M., Schmitt, J. F., Park, S., & Hwang, J. (2023).  searched the da-
tabases using the Boolean string: (CBM OR “curriculum based measure*” OR “cur-
riculum-based measure*” OR “general outcome measure” OR “progress monitoring” 
OR “mastery measure*” OR “curriculum-based assessment*” OR “curriculum based 
assessment*”) AND (math* OR “numeracy” OR “problem solving” OR geometry OR 
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computation OR algebra OR “proportional reasoning” OR “basic facts” OR fractions 
OR “concepts and applications” OR “number sense” OR readiness). Nelson, G., Kiss, 
A. J., Codding, R. S., McKevett, N. M., Schmitt, J. F., Park, S., & Hwang, J. (2023)  also 
searched the online table of contents for two journals, Assessment for Effective Inter-
vention and School Psychology Review. Nelson, G., Kiss, A. J., Codding, R. S., McKevett, 
N. M., Schmitt, J. F., Park, S., & Hwang, J. (2023) identified these two journals as hav-
ing the greatest number of articles that met inclusion. We also reviewed the reference 
lists of previous studies that included a review of screening and progress monitoring 
math measures (Christ et al., 2008; Foegen et al., 2007; Gersten et al., 2012; Lembke et 
al., 2012; Peltier, 2017; Stecker et al., 2005).

EN-CBM META-ANALYSIS   
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Figure 1  

PRISMA Diagram of Literature Search Procedures and Results 
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Figure 1. PRISMA Diagram of Literature Search Procedures and Results
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Finally, we used the Web of Science forward citation search function to find 
any studies that cited Foegen et al. (2007). Nelson, G., Kiss, A. J., Codding, R. S., 
McKevett, N. M., Schmitt, J. F., Park, S., & Hwang, J. (2023) originally searched the 
literature from 1975 to 2021. The authors identified 2,840 studies and then screened 
the titles and abstracts of all studies. During abstract screening, 2,651 studies were 
excluded. 

Step 2: Updated Search
Nelson et al., (2023) only included studies published between 2005 and 

2021. The current meta-analysis conducted an updated search, which expands upon 
the original search (Step 1) conducted by Nelson, G., Kiss, A. J., Codding, R. S., McK-
evett, N. M., Schmitt, J. F., Park, S., & Hwang, J. (2023) by searching for studies across 
a greater time frame (1975 to 2023). First, the current meta-analysis returned to the 
189 full texts published between 1975 and 2005 in Step 1 and found three additional 
studies in Step 2. Second, given the length of time that had passed between the origi-
nal literature search (March 2021) and the current meta-analysis, we extended the 
literature search to include the period from April 2021 to December 2023. This in-
cluded updating the electronic search of the academic databases and reviewing the 
online tables of contents of the selected journals. The original search was limited to 
reviewing the tables of contents for two journals, Assessment for Effective Intervention 
and School Psychology Review. In this current meta-analysis, we expanded the review 
to include the tables of contents for the following journals: Journal of Educational 
Psychology, Journal of Psychoeducational Assessment, Journal of School Psychology, Psy-
chology in the Schools, and School Psychology. Third, we added one literature search 
strategy. We reviewed the reference lists of all included articles to determine if any 
studies might have been missed by other methods. We identified an additional 544 
articles to review for abstract screening; from the screening process, we identified 
33 articles for full text review; one study met inclusion criteria. Thus, through our 
collective literature search procedures, we identified 22 studies for inclusion in the 
current meta-analysis.

Eligibility Criteria
We applied five inclusion criteria to determine eligibility for the current 

meta-analysis. First, the abstract, purpose, or research question stated the focus of 
the study was related to CBM research (i.e., technical adequacy of the static score). 
Studies that reported information about CBM within a different overarching pur-
pose were excluded. For example, we excluded studies that were primarily focused 
on reporting on the effectiveness of an intervention that also happened to report the 
correlation between EN-CBM and a criterion (e.g., Doabler et al., 2022). The primary 
focus of the study was determined by reviewing the study’s purpose statement(s) and 
research question(s). This inclusion criterion was retained from the broader CBM-M 
review (Nelson et al. 2023) in which we were interested in studies that were focused 
on specifically examining the criterion validity of EN-CBM. Other meta-analyses fo-
cused on CBM have applied the same criteria to exclude intervention studies (Cod-
ding et al., 2023; January & Klingbeil, 2020; Kilgus et al., 2014; McCulloch, 2010). 
Moreover, a focus of this paper is coding included studies for quality related to in-
formation reported in criterion validity studies. Studies that were not intentionally 
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focused on investigating or reporting the technical properties of EN-CBM may not 
have reported information that is often included in studies focused on criterion va-
lidity. Second, the study included at least one of the four common EN-CBM. Oral 
counting was defined as measures that asked students to count verbally as high as 
possible without error. Missing number was defined as asking students to identify a 
missing number in a sequence of numbers, such as “8, __, 10.” Numeral identifica-
tion was defined as rapid and accurate detection of individual numerals presented 
visually in a random order. Quantity discrimination was defined as asking students 
to identify the larger or smaller value of two numerals. Studies that focused on other 
EN-CBM (e.g., matching quantities) were excluded. Third, the study reported indi-
vidual concurrent or predictive correlations between EN-CBM and performance on 
a math criterion measure. Studies that reported only ranges of correlations across 
several measures were excluded (e.g., Reid et al., 2006). Fourth, the study included 
participants in preschool, kindergarten, or Grade 1 at the time of CBM administra-
tion and reported correlations separately for different grade levels. Fifth, the results of 
the study were published in a peer-reviewed journal or as a dissertation. We excluded 
technical reports from inclusion to avoid bias in seeking technical reports of which 
we were already aware (i.e., familiarity bias; Borenstein et al., 2011) and to avoid miss-
ing technical reports that might not be captured with electronic searches. Nelson, G., 
Kiss, A. J., Codding, R. S., McKevett, N. M., Schmitt, J. F., Park, S., & Hwang, J. (2023) 
also excluded technical reports in their search.

Literature Search Training and Reliability 
The second author developed the abstract screening tool based on the inclu-

sion criteria and trained research team members to screen titles and abstracts. Train-
ing involved clarifying and adding examples and details to the abstract screening tool 
and independently screening a set of abstracts for practice. Following the initial ab-
stract screening, the research team met a second time to discuss any discrepancies 
from the practice screening. The second abstract training focused on refining the 
research team’s understanding of the inclusion criteria. All abstracts were screened 
by two independent coders and reliability of the screening process was 92.0%. Any 
abstract that was identified by only one author for full-text review was subsequently 
reviewed by a third research team member to determine whether it should receive 
full-text review.

To conduct the full-text review, the second author trained members of the 
research team to use the full-text review protocol. The purpose of the full-text review 
training was to refine the team’s knowledge of the inclusion criteria and complete in-
dependent full-text review practice with a set of articles. Discrepancies from the full-
text practice were discussed via email. Then, all full texts were independently screened 
by two research team members. Reliability of the full-text review process was 85.1%. 
Any full text with a disagreement was discussed between coders in a virtual meeting 
to come to an agreement about inclusion.

Coding Manual
The second author drafted the coding manual (https://scholarworks.bois-

estate.edu/sped_facpubs/145/) and included variables related to basic study infor-
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mation, participant demographics, EN-CBM, criterion measures, correlations, and 
study reporting quality. To identify the codes included in the coding manual, the au-
thor examined coding manual descriptions from previous meta-analyses focused on 
reading CBM (January & Klingbeil, 2020; McCulloch, 2010; Shin & McMaster, 2019). 
The author then determined which codes were needed to answer the research ques-
tions that were the focus of the current meta-analysis. For example, we aligned the 
development of the coding manual to specific moderators we planned to investigate. 
The code response options in the final coding manual represented a mix of forced 
response and open response codes.

For basic descriptive information, we coded the year of publication, publica-
tion type, journal name, and study location. For participant demographics, we coded 
sample-level demographics, including sample size, age or grade, disability or risk, 
gender, race or ethnicity, socioeconomic status, and emergent bilingual status. For 
EN-CBM information, we coded each EN-CBM for measure name and type, admin-
istration time in minutes, grade level and time of year of EN-CBM administration, 
such as the fall, winter, or spring. For the criterion measure information, we coded 
the specific criterion measure name and whether the measure was a state test, norm-
referenced achievement measure, another CBM tool, researcher-developed measure, 
or other type of test. We also recorded the grade level and time of year of the crite-
rion measure administration. For information related to the correlational evidence of 
criterion validity, we recorded each correlation between the EN-CBM and criterion 
measure and the lag time to determine whether the correlation was concurrent or 
predictive. If correlations were presented for different groups of students (e.g., stu-
dents with disabilities vs. without disabilities), we recorded them separately. 

In addition, we evaluated each study’s methodological rigor using a rubric 
to assess the following quality indicators: (a) attrition, (b) EN-CBM reliability, (c) 
EN-CBM scoring reliability, and (d) test administrator training. These quality indica-
tors were selected based on recommendations from previous research about quality 
indicators used to evaluate methodological rigor, specific focus on assessment indica-
tors such as reliability (McCulloch, 2010; Park & Nelson, 2022; riskofbias.info, 2023; 
Thompson et al., 2005; University of South Australia, n.d.). In addition to extracting 
general assessment indicators, the quality indicators “procedural integrity” and “ex-
aminer training” were also extracted from McCulloch (2010). Along with selecting 
quality indicators often reported in assessment and outcome measures such as in-
formation about reliability (Gersten et al., 2005; Nelson et al., 2022; The Council for 
Exceptional Children, 2014), the addition of quality indicators from McCulloch was 
necessary to capture a more complete and relevant picture of study quality.

After we set up the four quality indicators, we assessed the quality of report-
ing using the following procedure. First, criteria for rating each quality indicator was 
established. Each quality indicator was then assessed and coded as follows: high qual-
ity (3), acceptable quality (2), low quality (1), and very low quality (0). Table 1 pro-
vides additional details about the criteria for each possible score. Next, the scores for 
each quality indicator were averaged across studies (for example, all studies’ attrition 
scores were averaged) to determine overall study reporting quality using the 0-3 scale. 
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For brevity, we focus on how studies could receive a score of high quality (3) 
and very low quality (0); refer to Table 1 for details about acceptable quality (2) and 
low quality (1) scores. We coded whether studies reported attrition, as well as the level 
of attrition. High quality scores meant attrition was reported as less than 10% and 
very low quality referred to either (a) attrition was not at all reported or (b) attrition 
was equal to or greater than 30%. We coded all available EN-CBM reliability infor-
mation including internal consistency, alternate form, test–retest, and split-half reli-
abilities. Studies that reported reliability as .80 or greater for the reliability estimates 
provided in the study received a high-quality score. Very low quality was used to refer 
to studies that either (a) failed to report any information about reliability for the 
study sample or (b) reported all reliabilities as less than .60. We also coded whether 
studies reported if data were double-checked for accurate scoring. High-quality stud-
ies reported that a subset of tests or score sheets were double-scored to determine 
EN-CBM scoring reliability, and very low-quality studies either reported EN-CBM 
scoring reliability below .70 or did not report any information about EN-CBM scor-
ing reliability. Finally, we coded studies for information related to test administrator 
training and test administrator’s procedural fidelity. Training and procedural fidelity 
were grouped together given many studies reported on monitoring procedural fidel-
ity as a component of training. High-quality studies met three criteria: They reported 
(a) data collectors were trained, (b) procedures were in place to monitor test adminis-
trators’ fidelity to test protocols, and (c) the reliability of the procedural fidelity. Very 
low-quality studies failed to provide any information about training or monitoring 
procedural fidelity. Each correlation from each study received a reporting quality 
score in each of the three areas, as well as an overall average score.

Coding Procedures 
After the second author drafted the coding manual, the main coder re-

viewed the manual and provided feedback prior to coding any practice articles. Then, 
the author trained the main coder on each of the variables and provided examples of 
how studies provided information. Next, the author and the main coder coded three 
practice articles independently to discuss challenges with the coding manual. Once 
the coding manual was revised, the main coder coded all articles and had weekly 
check-in meetings with the author until coding was completed. The main coder was 
majoring in psychology and enrolled in an undergraduate directed research course; 
they had two semesters of previous experience coding articles for systematic reviews. 
The three practice articles were part of the 22 included studies and were re-coded as 
part of the independent coding after the training.

Interrater Agreement
We randomly selected seven studies, representing 29.0% of the total correla-

tions, to double code to determine the reliability of the coding. The second author 
trained two authors who were doctoral students in a school psychology program to 
serve as second coders. Discrepancies in coding were discussed and authors came to 
a consensus on the final code prior to analysis via a discussion with the main coder. 
Interrater agreement was calculated as (agreements / [agreements + disagreements] 
× 100). Mean interrater reliability was 90.2%, and with the exception of one code, 
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the reliability of the codes ranged from 80% to 100%. One code, sample size for cor-
relations, had an average agreement of 70%. When the second author reviewed the 
discrepancies, it was noticed that some studies had different sample sizes for specific 
correlations compared to the overall study sample. The low reliability was also related 
to systematic errors. In other words, if a study included 10 correlations and the wrong 
sample size was applied to all correlations, the discrepancy was counted 10 times. 
Because sample size is used as part of determining the weight of the correlation in 
the meta-analysis, the author checked all sample sizes across all 22 studies to ensure 
accuracy prior to conducting analyses.

Meta-Analytic Procedures

Calculating Average Weighted Effect Sizes
Prior to the main analyses, we extracted the Pearson correlation coefficients 

(r) and the corresponding sample sizes from each study. Then, we conducted Fish-
er’s r-to-z transformation to convert all correlation coefficients to z scores due to 
the slight skewness of the correlations. In this meta-analysis, the majority of studies 
included more than one ES. For example, one study could have included multiple 
correlations due to including various grade levels, different CBM, and different crite-
rion measures. In addition, many studies included correlations between the EN-CBM 
and outcome measures across multiple time points, for example correlations for fall, 
winter, and spring CBM administration time points. Correlations within each study 
were not independent (Lipsey & Wilson, 2001; Pustejovsky & Tipton, 2022). To ad-
dress dependent ES estimates, we used a meta-analysis with robust variance estimates 
(RVE; Hedges et al., 2010) for correlated and hierarchical effects (CHE; Pustejovsky 
& Tipton, 2022). The RVE method is a preferred approach for considering studies 
with dependent ES estimates because it accounts for dependency between ESs within 
a single study, even when the exact dependence structure between ES estimates is un-
known (Hedges et al., 2010; Tipton & Pustejovsky, 2015; Pustejovsky & Tipton, 2022). 
Previous working models have typically assumed that dependent ESs are either corre-
lated or hierarchically related; however, a recent extension of the CHE model offered 
a better match to the data structure, allowing for both types of dependencies com-
pared to the previous correlated effects model (Pustejovsky & Tipton, 2022). In our 
meta-analysis, we conducted the RVE to compute the structure of variances among 
ESs by using a covariance matrix which assumed a correlation of ρ = 0.8 among ESs 
clustered in studies (Pustejovsky & Tipton, 2022). We assumed a 0.8 correlation for 
RVE and conducted follow-up sensitivity analyses to examine the impact of varying 
correlations, ranging from 0.4 to 0.8. The results indicated these varying correlation 
values did not change the ES estimates, indicating the robustness of our findings. 
Then, the structure of variances was used in a two-level random effects model, with 
random intercepts for studies and individual effects (Borenstein et al., 2011). We es-
timated tau-squared statistics and I-squared statistics to assess heterogeneity between 
studies. Tau-squared statistics is the estimate of the variance in ESs between studies 
in a random-effects meta-analysis. I-squared statistics represent the percentage of the 
true variability in a set of ESs that can be attributed to between-study heterogeneity 
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(Borenstein et al., 2011). To estimate the parameters of the meta-analysis, we applied 
the restricted maximum likelihood method (Viechtbauer, 2010). 

Heterogeneity and Moderator Analyses
Next, we assessed which variables moderate the relation between students’ 

performance on EN-CBM and criterion measures. We conducted moderator analy-
ses to investigate which moderators might explain the between-study heterogeneity 
on the main effect. We conducted all moderator analyses for EN-CBM and crite-
rion measures separately. No missing data were found for the moderator variables 
of: grade level, type of CBM, type of criterion measure, and study reporting quality. 
However, we found a small number of unreported cases for the correlation lag time 
(n = 4) and the administration time of year (n = 30) within the total sample size 
of 272 cases. Only completed cases were included in the analysis. After identifying 
significant moderators from the separate moderator analyses, we built models to see 
whether a complex model (including multiple moderators) accounted for more vari-
ance compared to a simple model. After conducting the analyses, we converted the z 
scores back to Pearson correlation coefficients for ease of interpretation (Beretvas & 
Pastor, 2003; Shin & McMaster, 2019). 

We then examined the reporting quality of each study and whether study 
reporting quality moderates the relation between EN-CBM and criterion measures. 
Each correlation received a rating: not reported or very low quality, low quality, ac-
ceptable quality, and high quality on each aspect of study reporting quality—attri-
tion, EN-CBM reliability, scoring reliability, and test administrator training and pro-
cedural fidelity. Then, scores across the three aspects were averaged to indicate an 
overall study reporting quality score (0–3). Thus, each of the three aspects of study 
reporting quality had equal weight in the overall average quality score. The overall 
quality score was examined as a moderator. 

Publication Bias
Finally, we assessed publication bias using both a funnel plot and Egger et 

al.’s (1997) regression statistic. A funnel plot shows the relation between ESs and their 
SE by plotting the effect sizes on the x-axis and standard errors on the y-axis (Sterne 
et al., 2011). In the absence of publication bias, the plot should form a roughly sym-
metrical upside-down funnel shape, hence the name “funnel plot.” We did not find 
any asymmetry based on a visual analysis of the funnel plot (see Figure 2).
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Figure 2  

Funnel Plot 

 

 Note. The symmetrical effect sizes on this funnel plot revealed that there was no publication 

bias.  

Note. The symmetrical effect sizes on this funnel plot revealed that there was no publication 
bias. 

Figure 2. Funnel Plot

In addition, we used Egger et al.’s regression statistic to test asymmetry in 
the funnel plot (1997). This statistical test examines the correlation between effect 
sizes and their standard errors. A significant slope or intercept suggests the presence 
of publication bias, typically indicated by a p-value below .05. Based on Egger et al.’s 
regression statistic (t = .84, df = 263, p = .40), we did not find any significant asymme-
try in ESs. Because significant asymmetry was not found using either the funnel plot 
or Egger et al.’s regression statistic, we concluded there was no publication bias within 
this data set (Cooper et al., 2019). Therefore, the included studies provided the rep-
resentative overall ESs and did not require adjustment for the potential publication 
bias. We performed all analyses using the clubSandwich (Pustejovsky, 2023) and the 
metafor packages (Viechtbauer & Viechtbauer, 2015) in R version 4.2.2.		
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Results

Descriptive Results 
We included 22 studies in this meta-analysis published between 1997 and 

2023. The majority of the research was conducted in the United States (k = 21); one 
investigation was conducted in Spain. The studies included students in preschool (k = 
3), kindergarten (k = 16), and Grade 1 (k = 13), with many studies including students 
from more than one grade. The total number of participating students was 4,130. The 
majority of participants were White (47.31%), followed by participants identified as 
Black (16.03%), Hispanic (3.92%), Asian American (2.69%), other (0.97%), Ameri-
can Indian (0.17%), and multiracial (0.05%). Studies failed to report the race/ethnic-
ity for 28.86% of participants. In addition, 40.14% of participants were identified as 
female, 40.29% as male, and 19.56% were not reported. Regarding students’ linguistic 
background, 3.41% of students were identified as emergent bilinguals, 63.58% were 
not identified as emergent bilinguals, and authors failed to report information about 
36.42% of participants. Regarding special education services, 4.31% of participants 
were identified as receiving services, 27.17% were identified as not receiving services, 
and authors failed to report information for 68.52% of participants. Regarding in-
come level, 23.17% of participants were identified as low socioeconomic status (SES), 
43.05% were not identified as low SES, and authors failed to report SES for 33.80% of 
participants. Too few studies provided information across different demographics to 
investigate variables as moderators. 

	 We extracted 272 correlations (M = 12 per study). Table 2 provides 
a summary of descriptive statistics for the key variables (average weighted r (SD), 
frequency, and percentage). The correlations represented preschool (n = 8), kinder-
garten (n = 132), and Grade 1 (n = 132). The correlations represented the relation 
between quantity discrimination (n = 91), numeral identification (n = 69), missing 
number (n = 64), and oral counting (n = 48) measures and a criterion measure. 
Half of the correlations were concurrent (50.7%). The majority of correlations repre-
sented the relation between the EN-CBM and a norm-referenced math achievement 
test (52.9%), followed by state tests (18.4%), other CBM (16.9%), and researcher 
measures (11.8%).
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Table 2. Descriptive Statistics of Key Variables 

Variable r SD N %
CBM grade level
Preschool .39 .16 8 2.94
Kindergarten .49 .14 132 48.53
First grade .50 .18 132 48.53
CBM type
Number identification .51 .15 69 25.37
Quantity discrimination .52 .16 91 33.46
Oral counting .41 .16 48 17.65
Missing number .51 .15 64 23.53
Criterion type
State test .43 .16 50 18.38
Other CBM .48 .21 46 16.91
Norm referenced .51 .13 144 52.94
Researcher developed .53 .17 32 11.76
CBM time of year
Fall .52 .15 90 33.8
Winter .48 .14 32 12.0
Spring .50 .16 96 36.1
Averagea .44 .18 24 9.0
Variable r SD N %
Criterion grade level
Preschool .58 .23 8 2.94
Kindergarten .48 .15 80 29.41
First grade .49 .16 126 46.32
Second grade .52 .17 10 3.68
Third grade .48 .15 44 16.18
Fourth grade .57 .14 4 1.47
Correlation lag time
Concurrent .52 .15 138 50.74
Predictive .46 .16 130 47.79
Not reported .64 .08 4 1.47
Study reporting quality 
Very low .47 .17 103 51.91
Low .55 .13 110 48.40
Acceptable .39 .17 43 0.49
High .46 .09 16 0.08

a. One study averaged correlations across screening periods. 
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Average Weighted Correlations Between EN-CBM and Criterion
Based on 272 correlations across 22 studies, the average weighted correla-

tion between the EN-CBM and the criterion measures was r =.48; 95% CI [0.430, 
0.528]. Also, the estimated was 2268.814 with = 0.01, indicating significant variability 
across the studies. 

Moderator Analyses
To determine the source of the heterogeneity, we conducted moderator 

analyses (Table 3) in which we investigated grade level, CBM administration time of 
year, type of CBM, type of criterion measure, and correlation lag time. We review the 
non-significant results first. Grade level did not moderate the overall association be-
tween EN-CBM and the criterion measures (F(2, 269) = 0.81, p = .44). The heteroge-
neity statistic of  was .0073. Administration time of year did not moderate the overall 
association between EN-CBM and the criterion measures (F(2, 215) = 0.67, p = .51). 
The heterogeneity statistic of  was .0026. Compared to the concurrent correlation 
(r = .49), the predictive correlation was slightly smaller, though not to a statistically 
significant level (F(2, 263) = 0.95, p = .33). The heterogeneity statistic of  was .005. 

In contrast, both type of CBM and type of criterion measure were signifi-
cant moderators. CBM type moderated the overall association between EN-CBM 
and the criterion measures (F(3, 268) = 6.17, p = < .001). The heterogeneity statistic 
of  was .0071. Compared to the average weighted correlation of oral counting (r = .40, 
intercept), the average weighted correlations for the other CBM (i.e., numeral iden-
tification, quantity discrimination, missing number) were significantly larger (all p < 
.0001). Similarly, criterion types moderated the overall association between EN-CBM 
and the criterion measures (F(3, 268) = 9.37, p = < .001). The heterogeneity statistic 
of  was .0076. Specifically, compared to the average weighted correlation between EN-
CBM and a state test (r = .31; intercept), the average weighted correlations between 
EN-CBM and the other criterion types were significantly larger for norm-referenced 
tests (p <.001), other CBM (p <.001), and researcher-developed measures (p <.001). 

Study Reporting Quality Results
We also determined reporting quality did not moderate the overall associa-

tion between EN-CBM and the criterion measures (F(3, 268) = 2.039, p = .109). The 
heterogeneity statistic of  was .0036. Although results of the moderator analysis were 
nonsignificant, we further explored the study quality results to provide recommenda-
tions to improve future reporting of CBM studies. 
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Table 4.  Summary of Study Reporting Quality Results

Study Reporting Quality Scores
Average 

Score
n

(N = 272) %
Attrition 0.63
High quality (3) 12 4.4
Acceptable quality (2) 63 23.2
Low quality (1) 8 2.9
Very low quality (0) 189 69.5

Reliability of EN-CBM 1.48
High quality (3) 108 39.7
Acceptable quality (2) 34 12.5
Low quality (1) 11 4.0
Very low quality (0) 119 43.8

Scoring Reliability 1.24
High quality (3) 112 41.2
Acceptable quality (2) 0 0.0
Low quality (1) 0 0.0
Very low quality (0) 160 58.8

Training and Procedural Fidelity 1.60
       High quality (3) 94 34.6
Acceptable quality (2) 32 11.8
Low quality (1) 89 32.7
Very low quality (0) 57 21.0

Overall Average Score 1.24
High qualitya (2.75–3.0) 16 5.9
Acceptable quality (2.0–2.74) 43 15.8
Low quality (1.0–1.99) 110 40.4
Very low quality (0–0.99) 103 37.9

Note. 
a. High quality includes 2.75–3.0 instead of only 3.0 to allow for studies that scored a 3 on 3 
aspects and a score of 2 on one aspect to be deemed high quality.  
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Table 4 provides a summary of the results across the studies and correla-
tions. We considered attrition, EN-CBM reliability, EN-CBM scoring reliability, and 
test administrator training and procedural fidelity and then averaged the scores for 
each quality indicator across studies. Higher scores on a scale of 0 to 3, indicate the 
data used in the current systematic review had greater study reporting quality as re-
ported by the original studies. Attrition had the lowest overall study reporting quality 
score (M = 0.63). Sixteen of 22 studies received a score of 0 in this study reporting 
quality category; however, it is important to note 69% of these studies (k = 11) re-
ceived a score of 0 because the authors did not report any information related to 
attrition. EN-CBM reliability had an average score of 1.48. The reason for this score 
was that 119 correlations out of 272 correlations had a score of 0, since authors did 
not report any information about EN-CBM reliability. When we considered only the 
correlations from studies that reported information about EN-CBM reliability, the 
average score was much higher (M = 2.63 out of 3). Scoring reliability had an average 
score of 1.24. Here, 160 out of 272 correlations received a score of 0 because the study 
authors did not provide any information related to scoring reliability. In fact, when 
these “not reported” cases were excluded, the average scoring reliability quality score 
was 3.0 out of a maximum score of 3.0. Test administrator training and procedural 
fidelity had an average score of 1.60; however, when we removed the instances in 
which authors did not report any information, the average quality score improved (M 
= 2.02). Overall, the average study reporting score was low (M = 1.24), primarily due 
to authors failing to report information associated with the aspects related to study 
quality that were included in the coding rubric. 

Discussion

As early numeracy skills are the strongest predictor of later math achieve-
ment, there has been significant attention given to screening early numeracy skills as 
early as possible to provide necessary support within the MTSS framework (Fuchs 
et al., 2021). By doing so, it is essential educators have access to screening tools that 
can accurately assess student competence for key early numeracy skills (Dong et al., 
2023; VanDerHeyden et al., 2017). The most common early numeracy CBM imple-
mented in the schools were categorized into four domains: oral counting, numeral 
identification, quantity discrimination, and missing number. Researchers have in-
vestigated these four domains in relation to predicting later achievement (Clarke & 
Shinn, 2004; Lembke et al., 2008; Methe et al., 2011b). Although criterion validity 
is important in CBM, there is a lack of research in math, especially through meta-
analyses that converge evidence on this topic. Given recent developments (Nelson, G., 
Kiss, A. J., Codding, R. S., McKevett, N. M., Schmitt, J. F., Park, S., & Hwang, J. 2023), 
a new meta-analysis is needed to synthesize the latest knowledge on the criterion 
validity of EN-CBM. This study makes a unique contribution to the literature with a 
meta-analytic investigation of the relation between students’ scores on EN-CBM and 
broader math performance as measured by a criterion. The results of this study have 
implications for research and practice related to screening for difficulty with early 
numeracy concepts at school entry. Moreover, the results of our analysis of study 
reporting quality offer several recommendations for improving future research.
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What Is the Average Weighted Correlation Between EN-CBM and Criterion  
Measures?

Our first research question aimed to determine the strength of the relation 
between EN-CBM and math achievement measures. Across 22 studies, we included 
272 correlations between the EN-CBM and each study’s chosen criterion measure, 
with an average weighted correlation of r = .48 (p < .05). When considering metrics 
for interpreting criterion validity evidence (e.g., Foegen et al., 2007), the results of 
this meta-analysis indicate, at best, a modest relation between EN-CBM and criterion 
measures. In fact, according to the National Center on Intensive Intervention (NCII; 
2020), a correlation less than .60 would not meet expectations for evidence of valid-
ity for an academic screening tool. Yet, our findings aligned with the previous meta-
analysis on criterion validity of early math CBM (McCulloch, 2010). Despite differ-
ences in methodology and inclusion criteria, McCulloch (2010) reported a similar 
overall moderate relation between the EM-CBM (counting, comparing and ordering, 
adding/subtracting, mixed skills, readiness concepts) and norm-referenced criterion 
measures (r = .49). In contrast, Codding et al. (2023) conducted a meta-analysis of 
MCOMP and MCAP in Grades 2–8 and reported average weighted correlations of 
.53 and .65, respectively, in relation to criterion measures. This suggests researchers 
have more work to do in the area of developing early math and early numeracy CBM 
for the purposes of screening in the earliest grades. 

Our findings on the weighted effect size of the correlations between EN-
CBM and criterion measures demonstrate a weaker relation when comparing stud-
ies examining the validity of comprehensive early numeracy screeners (Jordan et al., 
2010; Purpura et al., 2015). For example, the Number Sense Brief by Jordan et al. 
(2010) predicted failure at the end of Grade 3 on state tests and reported good area 
under the curve results (0.78–0.88). The Preschool Early Numeracy Skills Screener 
by Purpura et al. (2015) had a strong correlation with the Test of Early Mathematics 
Ability (r = .73) and an overall classification accuracy of 82.2%. The main reason for 
this is because each of the EN-CBM in the current meta-analysis targets a narrow 
early numeracy skill; whereas screeners include a broader range of skills for diagnos-
tic measures, as they provide more accurate information in terms of prediction for 
later achievement. 

Taken all together, the current meta-analysis contributes to the ongoing 
scholarly debate on the extent to which CBM should include broader math content 
to increase the capability to support screening decisions with criterion measures, de-
spite the risk of reduced sensitivity to student performance changes (Nelson, G., Kiss, 
A. J., Codding, R. S., McKevett, N. M., Schmitt, J. F., Park, S., & Hwang, J. (2023). 
Our findings of the current meta-analysis provide up-to-date evidence on EN-CBM 
and criterion measures, suggesting moderate positive effects and defining areas of 
needed improvement in future tools. However, compared to reading CBM (Dong et 
al., 2023), the evidence for math CBM still shows weaker technical properties. For 
this reason, scholars in the field highlight the need for better CBM in math, similar to 
“oral reading fluency” in reading CBM (Miciak et al., 2024). However, such measures 
remain undeveloped due to the complexity of math skills (Nelson et al. 2023). In 
addition, a significant drawback to the current literature on work with EN-CBM is 
the lack of information on diagnostic accuracy (Nelson et al. 2023). Work in develop-
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ing and investigating the technical adequacy of early numeracy measures is relatively 
limited (Nelson, G., Kiss, A. J., Codding, R. S., McKevett, N. M., Schmitt, J. F., Park, 
S., & Hwang, J. (2023), especially compared to its early literacy counterpart (Methe 
et al., 2011b). Thus, continued research is necessary to strengthen evidence for math 
CBM measures.

What Variables Moderate the Relation Between EN-CBM and Criterion Measures?
The results of the moderator analysis indicate there is no statistically signifi-

cant difference in the magnitude of the correlation between measures administered 
in preschool, kindergarten, and Grade 1. In contrast, McCulloch (2010) reported 
the EM-CBM included in that study yielded statistically significant differences, with 
measures in later grades yielding stronger correlations. Codding et al. (2023) also re-
ported significantly higher correlations between MCOMP/MCAP and criterion mea-
sures for students in Grades 6–8 than for students in Grades 2–5. Inconsistent results 
between the current meta-analysis and previous meta-analyses may be attributed to 
differences in methodology and the specific skills measured by CBM. 

The results of the moderator analysis indicate that EN-CBM of oral count-
ing yielded a significantly smaller average weighted correlation compared to numer-
al identification, quantity discrimination, and missing number. A smaller average 
weighted correlation for oral counting was expected. Previous researchers have noted 
reciting the oral count sequence is an informal math skill most children develop 
prior to school entry, often as a result of spontaneous interactions with their envi-
ronment (Purpura et al., 2013). In contrast, formal math knowledge refers to tasks 
that are often taught as part of a formal curriculum and that require students to use 
and understand conventional numerical notation (Purpura et al., 2013). Numeral 
identification, quantity discrimination, and missing number are examples of formal 
math skills that require students to understand the relation between representations 
of numbers (Purpura & Lonigan, 2013). Previous researchers have reported skills in 
numeral identification mediate the relation between informal math knowledge, such 
as counting, and formal math knowledge measured with calculation and number 
combination tasks (Purpura et al., 2013).

The results of the moderator analysis indicate state tests had a statistically 
significant smaller average weighted correlation with EN-CBM compared to all other 
criterion measures. In contrast, Codding et al. (2023) did not find criterion measure 
type to be a significant moderator of the relation between MCOMP/MCAP and cri-
terion measures. The smaller average correlation for state tests may be attributed to 
the fact that in the included studies, only the correlations between state tests and EN-
CBM represented an administration lag time greater than 12 months. As more longi-
tudinal research is conducted with EN-CBM, researchers may further investigate lag 
time as a moderator of the relation between EN-CBM and criterion measures. 

The results of the moderator analysis indicated the magnitudes of con-
current and predictive correlations were not statistically different. In our study, we 
investigated ordinal categories of concurrent (lag time of 1 month or less) versus 
predictive (any correlation with more than 1 month of lag time), which was based 
on the overall lag time but provided fewer degrees of freedom in the meta-regres-
sion. Further, in a follow-up analysis, no significant difference was found in lag time 
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according to different benchmarks (i.e., 1 month, 2–6 months, 7–12 months, more 
than 12 months). Conversely, McCulloch (2010) found a significant relation between 
predictive or concurrent correlations and the relation between EM-CBM and norm-
referenced math achievement assessments. It is possible that findings differed be-
tween the present study and McCulloch as a result of inclusion criteria, meta-analysis 
methodology, and slight differences in the way concurrent and predictive correlations 
were defined. In addition, Codding et al. (2023) reported correlations that represent-
ed a lag time of 5–7 months between MCOMP/MCAP and a criterion measure were 
significantly smaller than concurrent correlations. Although correlations that repre-
sented lag times of 1–3 months, 3–5 months, and more than 1 year were also smaller, 
differences were not statistically significant (Codding et al., 2023). Finally, our results 
indicate the time of year (fall, winter, spring) that EN-CBM are administered does 
not impact the relation between EN-CBM and criterion measures. The findings in 
the current study show time of administration was not a moderator of the strength of 
the relation between the EN-CBM and criterion measures, which does not contradict 
the notion that educators need not wait to use EN-CBM to identify students in need 
of supplemental math support. 

Implications of Study Reporting Quality
Study reporting quality did not significantly moderate the relation between 

EN-CBM and criterion measures. The findings of our study align with previous me-
ta-analyses showing quality indicators did not moderate the main effect (McCull-
och, 2010). Various factors could contribute to the lack of significant results, and 
it is worth considering previous findings related to quality indicators. For example, 
(Nelson et al., 2022) found only 84% of quality indicators were met across outcome 
measures, highlighting the need for multiple measures and providing validity infor-
mation. Similar trends were observed in our coding results. In several instances, stud-
ies failed to report information that allowed our research team to evaluate aspects 
of quality. Our coding manual emphasized evaluating the quality of the reported 
information; thus, we encourage readers to avoid equating these findings with actual 
study or methodological quality.

In addition to the moderator analysis of study reporting quality, the results 
of the quality coding highlight several areas of growth for future researchers con-
ducting and reporting the results of CBM-related research. In particular, studies and 
correlations scored relatively better on the aspect of EN-CBM reliability, as approxi-
mately half of correlations (52.2%) either (a) reported reliability estimates greater 
than .80 (38.3%), or (b) reported a mix of reliability estimates with some greater than 
.80 and some between .70 and .79 (12.8%). When considering only the studies that 
reported information about EN-CBM reliability that our team could code, the aver-
age score surpassed the threshold for acceptable quality and neared a high-quality 
rating, which is encouraging. Other meta-analyses have noted similar limitations of 
previous research on CBM that failed to report reliability of the included measures 
(Reschly et al., 2009). It is critical for all authors to examine the reliability of the 
data for their sample (Thompson & Vacha-Haase, 2000), especially given the diversity 
in participants across studies (Vacha-Haase, 1998). Future studies, especially stud-
ies focused on measurement and reporting criterion validity of the scores derived 
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from those measures, should either report sample-specific reliability or provide in-
formation about the previously reported reliability estimates and the comparability 
of sample characteristics and score distributions (Thompson et al., 2005). 

Trends were somewhat discouraging for the other quality indicators: attri-
tion, scoring reliability, and test administrator training and fidelity. For attrition, re-
sults indicated more than two-thirds of the correlations (69.5%) or studies (72.7%) 
had very low study reporting quality related to attrition. For scoring reliability, some 
studies did not provide this information, but those that did reported values above a 
high threshold of .90. For test administrator training and fidelity, the overall rating 
for this category was acceptable when considering only the studies that reported in-
formation we could code. 

Despite the less-than-ideal scores for study reporting quality across the three 
categories we coded, our results indicate that low scores were generally attributable to 
authors’ failure to report information aligned with our researcher-developed coding 
rubric. The lack of a standard format in reporting across the studies in this meta-anal-
ysis impedes the ability to draw consistent conclusions from the data; it also weakens 
the dependability of the findings. The field would benefit from a set of standardized 
reporting parameters, so that data are more easily comparable across studies. Based 
on the results of the current meta-analysis and quality review, we recommend that fu-
ture researchers consider reporting attrition and its reasons (Appelbaum et al., 2018), 
double-scoring tests, rectifying discrepancies in scores, and reporting on their pro-
cesses related to such effects (Appelbaum et al., 2018), and detailing report training 
and fidelity of test administration (Gersten et al., 2005). More broadly, however, we 
recommend that researchers of criterion validity studies follow the recommendations 
for reporting results of quantitative studies as outlined by the American Psychologi-
cal Association Journal Article Reporting Standards (JARS) documents. Specifically, 
readers can find a helpful table of recommended information in the JARS–Quant 
Table 1 (Appelbaum et al., 2018).

Limitations and Future Research
While the research base on early numeracy is growing, it is relatively lim-

ited compared to the work done to date in other areas (e.g., early literacy; Methe et 
al., 2011b). Combined with the lack of diagnostic accuracy work, implementation 
in school settings should be done with an understanding of where the field stands 
in best practices in using EN-CBM for decision-making. However, the results of this 
meta-analysis are limited in several ways.

When considering the implications of the findings in this study, results must 
be contextualized in terms of the settings in which the studies were conducted. Most 
of the correlations (97.0%) used in the analysis represented the administration of 
EN-CBM in kindergarten or Grade 1. This meta-analysis is limited because few pre-
school studies met inclusion criteria; thus, readers should use caution as they inter-
pret the results of this study as they relate to younger, preschool students. Future 
studies should continue to report on the criterion validity of EN-CBM used with 
younger students. This is especially important given previous research indicates gaps 
in early numeracy knowledge and skills prior to school entry (Burchinal et al., 2011). 
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Moreover, the studies included in this meta-analysis did not provide ade-
quate sample demographics to allow us to explore student characteristics as modera-
tors of the relation between EN-CBM and criterion measures. Future investigations 
of these relations require that researchers of primary studies report sample-level de-
mographics—specifically, students’ gender, special education status, socioeconomic 
status, and English language proficiency (Appelbaum et al., 2018). In a 2022 U.S. 
NCES report, 36% of Grade 4 students performed at or above proficiency in math; 
this number decreased for at-risk populations, including students who were eligible 
for free or reduced lunch (20%), were receiving special education services (16%), 
or were English learners (14%). The lack of detailed demographic data is problem-
atic on two different levels. First, limited demographic data in the included primary 
studies limit practitioners’ ability to understand how results of individual EN-CBM 
studies generalize students in their own classrooms (Cook & Cook, 2017). The lack 
of demographic data presented in CBM studies is highly problematic given a primary 
use of EN-CBM in schools is to screen for difficulty and monitor student progress in 
math. National experts recommend that practitioners consider whether the sample 
used to validate a tool, such as an EN-CBM, is representative of the population with 
which the tool will be used (NCII & National Center on Improving Literacy, n.d.). 
Second, limited demographic data in individual studies limit the ability of meta-ana-
lysts to examine evidence by student population to report on a summary of findings. 
We urge researchers to include diverse samples of students and report disaggregated 
results in their studies so that we may further investigate the nature of the relation 
between EN-CBM and criterion measures with the students who are most at risk.

This meta-analysis focused only on the four EN-CBM tools that are used 
for screening in preschool through Grade 1. We did not explore the criterion valid-
ity of other early numeracy or early math CBM, such as measures of geometry or 
measurement. Our choice was driven by the emphasis in the existing literature on the 
four most common EN-CBM measures, thus limiting the data available to us for this 
meta-analysis. The study was also limited by the fact that little research has focused 
on criterion validity for other early math CBM tools (e.g., measurement [one study, 
six correlations], patterns [two studies, four correlations]). Until more scholars do so, 
meta-analysis will be limited in their ability to examine the convergence of evidence 
on this topic. Readers should note that our choice to focus on the four common EN-
CBM does not imply that schools should disregard the use of other early numeracy 
or early math screening tools (Methe et al., 2011a). Future research should continue 
to explore the use and validity of other early numeracy and early math measures as 
screeners. 

The literature search for this meta-analysis was conducted as part of a 
broader CBM literature review process, which required that studies identified for in-
clusion state a focus on investigating the technical properties of CBM (Nelson, G., 
Kiss, A. J., Codding, R. S., McKevett, N. M., Schmitt, J. F., Park, S., & Hwang, J. (2023). 
In other words, we did not include all studies that might have reported correlations 
between scores on EN-CBM and a criterion measure; we included studies only when 
authors intentionally sought to investigate the EN-CBM criterion validity as reported 
in their purpose statement or research questions. Despite this, the results of this re-
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view still provide readers with critical information as they select EN-CBM for screen-
ing purposes. Future researchers may consider conducting a meta-analysis on a larger 
scale to determine if the results are consistent with the results of the current review.

Conducting future diagnostic accuracy studies on EN-CBM is critical be-
cause screening decisions in schools are dichotomous; students are identified as at 
risk or not at risk or as needing intervention or not needing intervention. While the 
importance of classification accuracy has been extensively covered (e.g., Klingbeil et 
al., 2019; VanDerHeyden et al., 2017; 2021), the lack of diagnostic work in EN-CBM 
has precluded the possibility of conducting a meta-analysis with this focus at this 
time (e.g., Kilgus et al., 2014).

Implications for Practice
The findings of this study have three key implications for practice. First, 

the results of the current study demonstrate that EN-CBM have moderate levels of 
evidence to support their use as measures of risk and achievement for math in early 
grades. District staff who are responsible for selecting early math screening tools may 
need to weigh the findings of this meta-analysis against other assessment factors. 
Although EN-CBM may have weaker relations with criterion measures than compre-
hensive measures of early math (Jordan et al., 2010), they are cost efficient, brief to 
administer, require little staff training, and are sensitive to student growth over time 
(Nelson et al., 2023). Schools may want to consider the costs (e.g., direct costs, mate-
rial prep, training) associated with administering assessments alongside the technical 
adequacy of the measures (Paly et al., 2022).

Second, to effectively identify at-risk students who can benefit most from 
early numeracy interventions, studies of diagnostic accuracy are crucial. While evi-
dence of criterion validity is necessary to determine if a measure has the potential 
to be used for universal screening, diagnostic accuracy is a specific type of evidence 
necessary to confirm if the measure reliably differentiates between risk for math dif-
ficulty and no risk (Kilgus et al., 2014). The lack of diagnostic accuracy studies in 
the current literature on EN-CBM (Nelson et al., 2023) limits researchers’ and prac-
titioners’ understanding of the utility of these tools in real-world educational set-
tings. Therefore, there is a critical need for further investigation into the diagnostic 
accuracy of EN-CBM, along with the development of more robust screening tools. 
Following these efforts, meta-analysts can then evaluate and report on the conver-
gence of evidence of diagnostic accuracy of EN-CBM, potentially offering additional 
insight for research and practice.    

Finally, when considering the screening process for students in early ele-
mentary grades, it is imperative to consider both the importance of engaging in early 
intervention for students at risk for difficulties in math and the need for students to 
develop discrete early numeracy skills related to the development of number sense. 
For this reason, the results of this study suggest that regardless of the time of year a 
school screens in early math, the measures of EN-CBM tools should perform simi-
larly in relation to criterion measures. It is important to note criterion validity is only 
one aspect of assessment that educators need to consider as they select screening 
tools. Another form of validity evidence could be content-oriented evidence, which 
provides information on the cognitive complexity of the test content and its suit-
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ability for all members of the intended population (American Educational Research 
Association, American Psychological Association, & National Council on Measure-
ment in Education, 2014). Educators will also benefit from examining other sources 
of evidence for screening tools, including reliability, classification accuracy, and other 
usability features, such as administration time, format, and scoring (NCII, n.d.). Re-
search on direct contrasts related to use (e.g., the cost of administration, training 
requirements, and ease of administration and scoring) would offer the field greater 
context when selecting measures.

Conclusion
National achievement trends in the United States indicate a need for schools 

to identify students who may be at risk for math failure, even in the earliest years of 
schooling. The results of this meta-analysis show that the currently available EN-
CBM tools have moderate levels of technical adequacy for predicting performance 
on criterion measures. Because EN-CBM have several notable strengths related to 
their efficiency, usability, and affordability, it is imperative that scholars continue to 
research the development and criterion validity of similar and potentially new ap-
proaches to math screening in the earliest years of school. Research on the technical 
adequacy of early numeracy measures is relatively limited, when compared to early 
literacy measures. Hence, ongoing research is essential to enhance the validation of 
math CBM measures. In addition, future research is needed to investigate the relation 
between EN-CBM and criterion measures according to student characteristics such 
as disability, emergent bilingual status, and socioeconomic status. Finally, researchers 
who are conducting CBM-related research should consider aspects of their studies 
that can improve the overall study reporting quality. Doing so will increase research-
ers’ and practitioners’ confidence in study results and the overall utility of EN-CBM 
as screening tools. 
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