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ABSTRACT 
 
This systematic review investigates measures of statistical ability in published literature to 
understand how statistical ability has been conceptualised and assessed. The review examines the 
components, reliability, validity, and correlations of these measures with cognitive (e.g., 
intelligence) and non-cognitive (e.g., attitude towards statistics) factors. From 51 papers, 25 unique 
measures were identified, with 60% assessing knowledge-based competencies. The validity 
evidence suggests that these measures assess their intended learning outcomes. Correlations 
between the measures and cognitive factors were stronger when closely aligned with the assessed 
ability. Research reporting correlations between statistical ability measures and non-cognitive 
factors is relatively limited. The review aims to inform educators and provide direction for future 
measurement development to address the identified gaps in the literature. 
 
Keywords: Statistical ability; Systematic review; Measurement; Reliability; Validity 
 

1. INTRODUCTION 
 

1.1.  BACKGROUND 
 
Many statistical educators agree that the primary goal of statistical courses should be improving 

students’ statistical reasoning and intuition (e.g., Garfield, 1995; Rumsey, 2002). However, what 
competencies constitute statistical ability remains a question. The American Statistical Association 
(ASA) has provided guidance on identifying core statistical competencies through its guidelines for 
statistical education. The ASA funded a strategic initiative to develop comprehensive guidelines for 
statistics instruction and assessment at both pre-K–12 and tertiary levels. This resulted in the Guidelines 
for Assessment and Instruction in Statistics Education (GAISE; Aliaga et al., 2005; Franklin et al., 
2007). These guidelines were subsequently updated to reflect changes in the discipline and student 
population, incorporating recommendations for both assessment and content delivery (Bargagliotti et 
al., 2020; GAISE College Report ASA Revision Committee, 2016). Key recommendations included 
emphasising statistical thinking, prioritising conceptual understanding, and incorporating real-world 
data. 

Legacy et al. (2024) found widespread adherence to the college GAISE guidelines in the United 
States, with most college-level introductory statistics instructors emphasising reasoning skills over 
procedural knowledge. Adherence to the guidelines reflects consensus among instructors that statistics 
courses should cultivate “statistical citizens” capable of critically analysing data for informed decision-
making while actively contributing to data production, interpretation, and communication (Gal & 
Garfield, 1997; Garfield et al., 2010; Rumsey, 2002). 

Although the college GAISE report emphasised the importance of assessment, the current paper 
adopts a psychological rather than educational perspective to examine statistical ability measurement 
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methods and their alignment with intended learning outcomes. Research in statistical ability measures 
often uses academic performance, especially in statistical courses, as a proxy for statistical ability. 
Although convenient, using only academic performance to measure statistical ability presents 
challenges due to varying assessment criteria and standards across universities. To accurately assess 
statistical ability, psychometrically sound measurement tools are needed, which motivates the current 
systematic review of literature on measures of statistics-related abilities. The review aims to identify 
what measures have been developed and whether there is evidence that their scores can indicate 
statistical ability, thereby aiding future measurement development by identifying gaps. 

Moreover, the current review examines how these measures have been used in studies by analysing 
their correlations with other variables. Understanding how statistical ability measures relate to other 
factors is crucial for interpreting what these assessments capture and informing their improvement. 
These correlational studies typically examine variables that are broadly categorised into cognitive 
factors, which encompass mental abilities such as general intelligence, and non-cognitive factors, which 
include affective and motivational variables. Non-cognitive factors can be further distinguished into 
those that are statistics-related (e.g., attitudes towards statistics and statistics anxiety) and those that are 
non-statistical (e.g., general academic motivation). Research on statistics achievement has 
demonstrated relationships between these non-cognitive factors and statistical performance outcomes 
(Chiesi & Primi, 2010). 

Examining these correlational patterns in the context of statistical ability measures can help 
establish the validity and utility of the measures by determining whether they demonstrate expected 
relationships with theoretically relevant variables. For instance, if a measure shows weak associations 
with cognitive variables, this raises questions about whether it adequately captures statistical ability, 
which is fundamentally a cognitive construct. From a practical perspective, understanding which factors 
predict statistical ability can inform instructional improvements by identifying relevant variables and 
guiding the design of targeted interventions. 

 
1.2.  COMPONENTS OF STATISTICAL ABILITY MEASURES 

 
The measurement of statistical ability plays a crucial role in statistical education because it can 

provide insights into areas to target for skill development. Understanding the components evaluated in 
measuring statistical abilities is therefore necessary. 

Statistical literacy, statistical reasoning, and statistical thinking are learning outcomes highly valued 
by the statistics education community. In an issue of the Journal of Statistics Education focused on 
defining and distinguishing among these three outcomes, Chance (2002), Garfield (2002), and Rumsey 
(2002) highlighted that statistical literacy, reasoning, and thinking do not have clear consensus 
meanings, and the terminology is often used interchangeably in the literature. delMas (2002) recognised 
the difficulty in distinguishing among these learning outcomes due to their considerable overlap. 

For clearer conceptualisation and focus in the current study, characterisations of statistical literacy, 
statistical reasoning, and statistical thinking are based on the working definitions provided by Garfield 
and Ben-Zvi (2008). Statistical literacy entails understanding the basic language and tools of statistics, 
including basic terms, symbols, and data representations. Statistical reasoning involves connecting and 
combining concepts of data and chance, as well as understanding and interpreting statistical processes 
and results. Statistical thinking—a higher order of thinking—encompasses knowing the application and 
rationale behind specific methods, along with an understanding of the theories and limitations of the 
statistical process. 

A key distinction among these outcomes concerns the role of formal education in their acquisition. 
For the purposes of the current study, formal education refers to instruction in statistical concepts, 
terminology, and procedures to develop normative understanding, such as being taught the formulas for 
calculating means and standard deviations or formal definitions of statistical terms. Formal knowledge 
comprises normative understanding and skills that require such instruction to be acquired, as opposed 
to abilities that can be developed through informal reasoning or intuition without formal instruction. 
Accordingly, outcomes such as statistical literacy rely more heavily on formal education compared to 
statistical reasoning and statistical thinking, which can be cultivated through experience and intuitive 
understanding. 
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To provide context for understanding what areas of statistical ability have been measured or 
assessed, Salcedo (2014) compiled test items from teachers of statistical courses, analysing a total of 
978 items. The study revealed that the majority of items measured statistical literacy, while a minority 
of items (16.7%) assessed both statistical reasoning and statistical thinking. Further analysis revealed 
that approximately two-thirds of the items pertained to descriptive statistics, with the remaining one-
third divided almost equally between probability and statistical inference. These findings reflect the 
emphasis on formal knowledge in statistical education. Descriptive statistics topics, such as calculating 
means and standard deviations, typically require attention to commonly-used formulas and procedures. 
In contrast, probability and statistical inference may engage more informal reasoning processes, 
allowing individuals to draw inferences from data patterns without necessarily using formal methods 
(Makar & Rubin, 2009). The predominance of both statistical literacy items and descriptive statistics 
content suggests that statistical courses may prioritise memorisation and calculation over a deeper 
understanding of statistical processes. Although Salcedo’s study examined items used in statistical 
courses, it provides a starting point for evaluating whether research-oriented measures demonstrate 
different patterns in their coverage of statistical ability. 

To operationalise the assessment of these learning outcomes, the current study categorises measures 
of statistical ability into two fundamental aspects: Knowledge-based competencies, analogous to 
statistical literacy, encompass understanding that requires formal methods and education to acquire, 
such as statistical terminology and formulas; and skill-based abilities, analogous to statistical reasoning, 
encompass understanding that can be exercised through intuition and reasoning even without formal 
instruction, such as interpreting data patterns and drawing inferences. Some measures incorporate both 
aspects. The classification focuses primarily on statistical literacy and reasoning, with less emphasis on 
statistical thinking due to the limited available measures and the substantial conceptual overlap with 
statistical reasoning. 

Table 1 presents examples of items that measure knowledge-based competencies and skill-based 
abilities. As shown in the examples, knowledge-based competency items assess understanding of 
statistical language, terminology, and technical knowledge. In contrast, skill-based ability items 
evaluate understanding and interpretation of statistical processes and results through scenarios that can 
be approached using informal reasoning or intuition, even though individuals may not always select 
correct answers due to faulty reasoning. 

 
1.3.  RELIABILITY AND VALIDITY 

 
Evaluating the interpretation of test scores involves examining reliability and validity, which are 

crucial psychometric properties. Below are brief outlines of their descriptions and the common methods 
used to assess them. 

Reliability is conceptually defined as the proportion of true variance to total variance (Schmidt & 
Embretson, 2012). In practical terms, reliability indicates the consistency of scores across different 
observations. One method of assessing reliability is test–retest reliability, where the same group of 
individuals completes the same test at different times. However, the test–retest reliability method may 
be biased by carry-over effects, which are particularly problematic for competency-based tests. 
Cronbach’s (1951) alpha is another widely used reliability index (Hogan et al., 2000), although it has 
been suggested that it is not always appropriate because it may not accurately represent internal 
consistency or true reliability (Davenport et al., 2015; Falk & Savalei, 2011). Higher values of 
Cronbach’s alpha indicate better reliability, with values above .70 generally considered good (Nunnally 
& Bernstein, 1994). Although test–retest reliability and Cronbach’s alpha have limitations, they remain 
the most reported indices in the literature. Therefore, these measures will be reported in the current 
review, although their results should be interpreted with caution. 

Additional reliability metrics are reported in the literature and will also be included in the current 
systematic review because they provide complementary evidence of test consistency. For example, 
modern techniques such as the Rasch model utilise person and item separation statistics that measure a 
test’s ability to distinguish between individuals of different ability levels or between items of different 
difficulty levels, respectively (Wright & Stone, 1999). For tests featuring open-ended items, interrater 
reliability—the agreement between two raters’ scoring—is commonly evaluated. 
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Table 1. Examples of items measuring knowledge-based competencies and skill-based abilities 
 

Knowledge-Based Competencies Skill-Based Abilities 
A graduate student is designing a research study. She 
is hoping to show that the results of an experiment 
are statistically significant. What type of p-value 
would she want to obtain? (Retrieved from delMas et 
al., 2007) 
 
a. A large p-value 
b. A small p-value 
c. The magnitude of a p-value has no impact on 

statistical significance. 
 

A small object was weighed on the same scale 
separately by nine students in a science class. The 
weights (in grams) recorded by each student are shown 
below.  
6.2 6.0 6.0 15.3 6.1 6.3 6.2 6.15 6.2 
 
The students want to determine as accurately as they 
can the actual weight of this object. Of the following 
methods, which would you recommend they use? 
(Retrieved from Garfield, 2003) 
 
a. Use the most common number, which is 6.2. 
b. Use the 6.15 since it is the most accurate weighing. 
c. Add up the 9 numbers and divide by 9. 
d. Throw out the 15.3, add up the other 8 numbers and 

divide by 8. 
 

A student scored in the 90th percentile in his 
Chemistry class. Which is always true? (Retrieved 
from Stone et al., 2003) 
 
a. His grade will be an A. 
b. He earned at least 90% of the total possible 

points. 
c. His grade is at least as high as 90% of his 

classmates. 
d. None of these are always true. 

Roland has four daughters. He is hoping for a son. 
What are the chances that his next child will be a son? 
(Retrieved from Toplak et al., 2017) 
 
a. There is a higher chance that his next child will be 

a son. 
b. There is a higher chance that his next child will be 

a daughter. 
c. There is an equal chance that his next child will be 

a son or a daughter. 
 

Reliability is a necessary attribute for a test because it demonstrates generalisability across different 
times, samples, and conditions. However, reliability alone is insufficient to determine whether a test is 
psychometrically sound; a test must also demonstrate evidence of validity to ensure appropriate 
interpretation and inferences of test scores. 

Validity, in general terms, refers to whether a test measures its intended construct (Pedhazur & 
Schmelkin, 1991; Schmidt & Embretson, 2012). In contemporary educational research, the 
conceptualisation of validity is based on the framework provided by the Standards for Educational and 
Psychological Testing (or Standards), which represents a consensus on how validity is defined and 
evaluated when developing and assessing tests (Folger et al., 2024). According to the Standards, 
validity refers to the degree to which evidence and theory support the interpretation of test scores for 
proposed uses (American Educational Research Association [AERA] et al., 2014). 

The current review adopts Kane’s (1992; 2013) argument-based approach to validity, which 
involves developing statements about proposed interpretation and uses (cf. Borsboom et al., 2004). The 
validation process can follow an a priori approach, where we identify claims and then gather validity 
evidence. However, it is sometimes acceptable and necessary to develop claims from evidence that has 
already been collected—an a posteriori approach (Bostic et al., 2024). Although the argument-based 
framework is typically used to evaluate the validity of interpretation for a single test, we believe it can 
be applied to the current systematic review, which compiles multiple measures. In this context, the a 
posteriori approach of developing claims regarding the interpretation of test scores is more appropriate. 

In this study, we evaluate the validity of measures as a whole, essentially making claims regarding 
measurements across the field. Specifically, we focus on claims about knowledge-based and skill-based 
competencies to determine whether published measures adequately assess these competencies. This 
holistic approach will help us understand what these measures actually capture and develop claims 
regarding interpretations of test scores. 

The Standards outline five sources of validity evidence, but explaining all five is beyond the scope 
of the current review. Interested readers can consult the original document (AERA et al., 2014). Instead, 
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we focus on the most relevant and widely reported sources. Test score interpretation can be evaluated 
through evidence based on test content, particularly through content evaluation by statistical education 
experts. Evidence based on internal structure can be assessed through analysing the unidimensionality 
of statistical abilities. Additionally, we can examine evidence based on relations to other variables, 
which involves analysing correlations with cognitive factors (e.g., intelligence) and non-cognitive 
factors—both statistics-related factors (e.g., attitudes towards statistics) and non-statistical factors (e.g., 
motivation).  
 
1.4.  AIMS OF THE CURRENT STUDY 

 
The current systematic review had two primary objectives. The first was to identify measures of 

statistical ability used in the published literature and to conduct a comprehensive review to understand 
the various approaches used to assess statistics-related abilities. We aimed to examine the content of 
these measures to determine which aspects of statistical competency had been emphasised in the field 
as a whole. Particularly, we categorised each measure according to whether it primarily assessed skill-
based abilities or knowledge-based competencies, as well as its coverage of specific areas such as 
descriptive statistics, inferential statistics, probability, and methodology. In the current review, we also 
report common reliability metrics from past studies. 

The second objective was to make claims regarding the interpretation of scores from these measures 
using validity evidence collected through an a posteriori approach (Bostic et al., 2024). Although we 
summarise and report individual measures, our ultimate claims concern measurements in the field as a 
whole rather than any individual measure. These claims will help clarify how test scores should be 
interpreted, whether as indicators of statistical competencies aligned with intended learning outcomes 
or in relation to cognitive, non-cognitive, and non-statistical factors. The practical implications of this 
investigation are significant because statistical educators are often interested in how these factors 
influence statistical competence. Given our categorisation of measures into knowledge-based 
competencies and skill-based abilities, the current review also addresses whether these factors correlate 
differently with different aspects of statistical ability. 
 

2. METHOD 
 

2.1.  LITERATURE SEARCH 
 
The literature search process is depicted in Figure 1. The search was conducted in January 2020 

utilising the PsycINFO, Scopus, and ERIC databases. These databases were chosen because they are 
widely used for psychological and educational research. The search strategy employed the following 
terms: "statistic* reasoning" OR "statistic* literacy" OR "statistic* thinking" OR "statistic* concept*" 
OR "statistic* abilit*" OR "statistic* decision making" OR "statistic* problem solving." The selection 
of these terms was based on the statistical outcomes outlined by delMas (2002). The purpose of using 
broad search terms was twofold: to encompass a wider range of literature sources and to uncover studies 
that assess statistical abilities without necessarily employing specific terms such as “test” or “scale.” 
This search approach identified 1,690 papers across the selected databases. In addition to the database 
findings, several papers were also included from sources not directly retrieved from the initial search. 
These additional papers were predominantly from systematic reviews and meta-analyses discovered 
through the search (e.g., Emmioğlu & Capa-Aydin, 2012), along with references cited within the 
identified papers in general. 
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Figure 1. Flow chart for study selection and exclusion procedure 
 
2.2.  INCLUSION AND EXCLUSION CRITERIA 

 
Papers included in the current systematic review met several inclusion and exclusion criteria. 

Specifically, all included papers were written in English and published in peer-reviewed journals. 
The review focused exclusively on papers that employed measures of statistical ability, aligning 

with the primary aim of the systematic review. Consequently, papers presenting theoretical, practical, 
or opinion-based discussions on pedagogy (i.e., the study of teaching) or specific statistical concepts 
were excluded from analysis. 

Meta-analyses and systematic reviews were also excluded because they did not present research 
studies that directly utilised or assessed specific measures of statistical ability. However, these 
secondary sources were consulted to identify relevant papers not captured through database searches. 

The current review excluded papers that utilised only a single item or concept to assess statistical 
skill because the aim was to study measurements of general statistical ability. For instance, Lane-
Getaz’s (2013) study, which focused solely on the interpretation of statistical significance without 
assessing overall statistical skill, was excluded. The implications of these exclusions will be elaborated 
in the Discussion section. 

Furthermore, qualitative research and interview-based studies were not included in the review, such 
as Jones et al. (2000), who developed a statistical reasoning framework based on interviews with 20 
students. The findings of this and other qualitative studies pose challenges for synthesis in psychometric 
research. The implications of excluding such studies will also be addressed in the Discussion section. 

Lastly, any papers for which the full text could not be accessed were excluded. The process 
regarding inaccessible texts and measures is detailed next. 
 
2.3.  IDENTIFYING MEASURES 

 
The current systematic review employed the protocol outlined by Peters (2017) for managing and 

sorting papers, utilising EndNote as the reference management system (Thomson Reuters, 2013). The 
selection process began with the application of inclusion and exclusion criteria to screen titles and 
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abstracts, followed by efforts to retrieve the full texts of the records identified. This retrieval process 
was conducted online, with support from the university library. 

The process identified 79 eligible papers for inclusion, 36 of which had measures available in their 
publications. For the 43 papers for which measures were not readily available online or in publications, 
attempts were made to contact the authors directly via email using the contact information provided in 
the papers. Initially, 37 researchers were identified. However, due to one unavailable email address and 
the unfortunate passing of two authors during the review process, the total number of emails dispatched 
was reduced to 34. Of these, five emails were returned due to invalid addresses; 11 authors did not 
reply; six responded but were unable to provide the requested measures due to reasons such as loss or 
unavailability in English; and 12 supplied the requested measures. Following this process, the review 
identified 51 papers containing 25 unique measures. 

 
2.4.  CODING STRATEGY 

 
The coding of measures had two parts. For the first part, each measure was examined as a whole to 

determine the general skill it assessed. The two primary categories of general ability were skill-based 
and knowledge-based competencies, reflecting statistical literacy and statistical reasoning, respectively 
(delMas, 2002). For the second part, the individual items were analysed to identify the specific 
statistical skill being measured. This analysis was based on topics outlined by Salcedo (2014), which 
included (a) descriptive statistics, (b) inferential statistics, and (c) probability. An additional topic, (d) 
methodology, was incorporated into the current systematic review to account for measures that also 
assessed research methodology in statistics. 

Each topic was evaluated using an ordinal scale to determine if “none” (1), “only a few” (2), “a 
significant proportion” (3), or “all or nearly all” (4) of the items in a measure represented a specific 
topic. For example, if more than half of the items in a measure assessed probability, but not all items 
did so, raters were instructed to indicate that “a significant proportion” of the items measured 
“probability.” This ordinal scale approach was adopted primarily due to practical constraints and time 
limitations encountered during the review process; a detailed evaluation of every individual item would 
have exceeded our planned timeframe. We acknowledge the potential subjectivity in this approach and 
addressed this limitation by evaluating inter-rater reliability. 

 
2.5.  ASSESSMENT OF CODING RELIABILITY 

 
The reliability of the current systematic review was estimated through inter-rater reliability for two 

aspects: the inclusion of papers and the categorisation of items. These estimation strategies were 
informed by Stemler’s (2004) approaches to assessing inter-rater reliability. 

To evaluate the reliability of the inclusion criteria, a consensus approach was employed. This 
method estimates the agreement between raters and is particularly appropriate for nominal scales 
(Stemler, 2004). Due to time constraints, a subset of 200 studies was independently assessed by an 
undergraduate research assistant using the inclusion/exclusion criteria described above. The inter-rater 
reliability yielded a Cohen’s kappa of .67 between the main investigator and the research assistant. 
Although the value can be considered substantial (Landis & Koch, 1977), some researchers might still 
regard it as insufficient. To address this concern, the final list of papers was determined by the main 
investigator, who selected a greater number of studies than the research assistant had identified to 
maximise the number included in the review. 

For the reliability assessment of measurement categorisation, a consistency approach was used 
instead. Rather than requiring agreement between raters, the consistency method emphasises coherent 
evaluation among raters, provided their assessments remain consistent with their interpretations 
(Stemler, 2004). The ordinal nature of skill categorisation made this method appropriate for evaluating 
inter-rater reliability in this context. 

Two postgraduate students were engaged to rate each measure using the same criteria for general 
and specific statistical abilities. Inter-rater reliability among all three raters (i.e., the main investigator 
and the two postgraduates) was calculated using Cronbach’s alpha coefficient for each ability and topic 
category (Stemler, 2004). The alpha values obtained were .89 for general ability, .87 for descriptive 
statistics, .71 for inferential statistics, .89 for probability, and .74 for methodology. According to 
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Nunnally and Bernstein (1994), Cronbach’s alpha values above .7 are deemed adequate for internal 
consistency among raters, which is especially noteworthy in this case, given the high alpha values with 
only three raters. 
 

3. RESULTS 
 
3.1.  SUMMARY OF MEASURES 

 
Table 2 presents a summary of the statistical ability measures identified in the current systematic 

review. Throughout this report, we refer to measures by the abbreviations listed in parentheses within 
the table. For measures where no abbreviation was available, we use the full names of the measures, 
including authors’ names when necessary. For original sources of analyses discussed in the current 
review, readers can refer to the citations provided in Table 2. 

Of the 51 papers reviewed, 25 unique measures of statistical ability were identified, excluding the 
Quantitative Reasoning Quotient (QRQ), which was based on the Statistical Reasoning Assessment 
(SRA) and shared nearly identical content. The QRQ was treated as equivalent to the SRA in the coding 
process. 

The three most frequently used measures were the SRA, Statistics Concept Inventory (SCI), and 
Comprehensive Assessment of Outcomes in a First Statistics course (CAOS), which have been adopted 
by researchers beyond the original developers. Table 3 presents the studies that incorporate each of 
these three measures. Before discussing the results, it is necessary to clarify the scoring approach of the 
SRA. The SRA assesses both correct reasoning and statistical misconceptions, with misconceptions 
identified through common errors in responses. However, because the current review focuses on the 
performance of these measures, only correct SRA responses were considered. 

 
3.2.  COMPONENTS OF STATISTICAL MEASURES 

 
As shown in Table 2, most measures (60%) assess knowledge-based statistical competencies. The 

remaining measures evaluate skill-based abilities (20%) or a combination of skill-based abilities and 
knowledge-based competencies (20%). There is an evident correlation between the general skills 
assessed and the specific topics measured. The relationship was formally examined using Kruskal-
Wallis tests, which compared the ratings of statistical topics across the three general skill categories 
(knowledge-based, skill-based, or mixed) among the 25 measures. The results revealed significant 
differences in the inclusion of descriptive statistics topics, χ2(2) = 8.59, p = .014, η2 = .30, and 
probability topics, χ2(2) = 7.69, p = .021, η2 = .26, across the general skill categories. According to 
conventional benchmarks for effect size interpretation (Cohen, 1988; Peres, 2025), both effects exceed 
the threshold for large effects (η2 > .14), indicating not only significant differences but also practical, 
noticeable differences. Specifically, measures incorporating descriptive statistics tended to be 
knowledge-based, whereas those involving probability topics tended to be skill-based. No significant 
differences were found for inferential statistics or methodological topics, all ps > .307. 
 
3.3.  RELIABILITY EVIDENCE 

 
Test–retest reliability and Cronbach’s alpha Although test–retest reliability and Cronbach’s alpha 

are not always the most appropriate measures of reliability, they are frequently reported in the literature 
due to their straightforward nature. For comprehensiveness, these metrics are summarised and reported 
in the current review. The Cronbach’s alpha values for the measures included in this review are 
presented in Table 2. Although conventional standards suggest that Cronbach’s alpha values exceeding 
.70 indicate acceptable reliability (Nunnally & Bernstein, 1994), the focus of this section is not to 
evaluate whether individual measures meet this threshold. Rather, the emphasis is on comparative 
patterns—examining how reliability estimates vary across different conditions, populations, or versions 
of measures—to identify factors that may influence measurement quality. 
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Table 2. Summary of statistical skills measures 
 

  
 Coverage of Statistical Topic Assessed b Cronbach’s 

Alpha 

Statistical Measures a Original Studies General Skill 
Assessed 

Descriptive Inferential Probability Methodology  

Statistical Reasoning Assessment (SRA)/ 
Quantitative Reasoning Quotient (QRQ) c 

Garfield (2003) / Sundre (2003) Skill-based 1.33 1 2 1.33 .29 – .62 

Comprehensive Assessment of Outcomes 
in a First Statistics course (CAOS) 

delMas et al. (2007) Knowledge-based 2 2 1 0.67 .58 – .82 

Statistics Concept Inventory (SCI) Stone et al. (2003) Knowledge-based 2 2 2 1.33 .57 – .75 

Technology-based Statistical Reasoning 
Assessment 

Chan & Ismail (2014a, 2014b) Knowledge-based 2.67 1 0 0.67 - 

Pre–post Test Chan et al. (2015), Chan et al. (2016) Knowledge-based 3 0.33 0 0 .67 – .88 

Statistical Literacy Test Callingham & Watson (2005) Mixed 2 1 2 1  

Biology Science Quantitative Reasoning 
Exam (BioSQuaRE) 

Beck (2018) Knowledge-based 2 2 1.33 0.67 .69 

Randomness and Probability test in the 
context of Mathematics (RaProMath) 

Fiedler et al. (2017) Skill-based 0.67 0 2.67 0 .69 

Statistical Literacy Assessment for Second 
Language Acquisition (SLA for SLA) 

Gönülal (2018) Knowledge-based 2 2 0.33 1.33 .92 

Statistical Comprehension Test González & Birch (2000) Knowledge-based 3 0 0 0.33 .78 

Statistical Reasoning with Everyday 
Problems 

Lawson et al. (2003) Skill-based 0.33 1.67 1.33 1 - 

Quantitative Skills Assessment of Science 
Students (QSASS) 

Matthews et al. (2016) Knowledge-based 1.67 1.67 1 1 - 

Statistics Survey Metz (2008) Knowledge-based 2 1.67 0 1 - 
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Application Score Questions Mirick & Davis (2017) Knowledge-based 1 2.67 0 0 - 

Attitudes and Statistical Literacy 
Instrument (ASLI) 

Pierce et al. (2014) Knowledge-based 2.67 1.33 0 0 .81 

Psychological Research Inventory of 
Concepts (PRIC) Veilleux & Chapman (2017a) Mixed 0.67 2.33 0 1.67 - 

Reasoning and Literacy Instrument 
(REALI) Sabbag et al. (2018) Knowledge-based 2 2 1 1.33 .87 

Statistical Thinking Measure Seabrook (2006) Knowledge-based 0 2.33 0 1.67 - 

Statistics Misconceptions Soyyilmaz et al. (2017) Mixed 0.67 2.67 0 0.67 - 

Probabilistic and Statistical Reasoning Toplak et al. (2017) Skill-based 0.67 0.67 2.33 1 .53 

QValStatM Valentini (2016) Mixed 2 1 1.33 1 - 

Statistical and Methodological Reasoning 
VanderStoep & Shaughnessy 

(1997) Skill-based 0.67 2 0.67 1.67 - 

Statistical Literacy Test (SLT) Yolcu (2014) Mixed 2 1.67 1.33 1.33 .74 

Basic Literacy in Statistics (BLIS) Ziegler & Garfield (2018) Knowledge-based 2 2 1 1.67 .83 

Statistics Assessment of Graduate Students 
(SAGS) 

Walpitage (2016) Knowledge-based 1.33 1 0 2.33 .86 

Note. 
a. The tests are arranged in the order of how often they are cited in the literature, with the most frequently cited test presented first. 
b. Scores for specific topics assessed were the average based on three raters, with the following scores: 0 for none, 1 for only a few, 2 for a significant 

proportion, and 3 for all or nearly all. 
c. Content of items was nearly identical to SRA, so QRQ and SRS were rated as a single measure using the same categories and score. 
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Table 3. Three most common statistical ability measures and studies that incorporate each 
 

Statistical Ability Measure Studies 
Statistical Reasoning Assessment (SRA) Blanco & Chamberlin (2019), Estrada & Batanero (2008), 

Gundlach et al. (2015), Karatoprak et al. (2017), Martin et al. 
(2017), Olani et al. (2011), Penna et al. (2014), Tempelaar et 
al. (2006), Tempelaar et al. (2007) 
 

Statistics Concept Inventory (SCI) Allen (2007), Allen et al. (2004), Allen et al. (2006), Doorn & 
O’Brien (2007), Fernández-Chamorro et al. (2018), Olani et 
al. (2011), Stone et al. (2003) 
 

Comprehensive Assessment of Outcomes in 
a First Statistics course (CAOS) 

Beck (2018), Bowen et al. (2014), Conway et al. (2019), 
delMas et al. (2007), Hahs-Vaughn et al. (2017), Hildreth et 
al. (2018), Lee et al. (2013), Tintle et al. (2012) 

 
Test–retest reliability was notably employed only in the case of SRA. The SRA demonstrated a 

test–retest correlation coefficient of .70 after one week. However, it exhibited low Cronbach’s alpha, 
with values ranging from .29 to .34. The QRQ, treated as equivalent to the SRA, showed an 
improvement in Cronbach’s alpha (ranging from .55 to .62) compared to the SRA, although these values 
remained below the conventional threshold of .70. Cronbach’s alpha is highly dependent on test length 
(Davenport et al., 2015), and this increase in reliability was potentially achieved by increasing the total 
number of items, accomplished by breaking down some options into multiple items. 

Cronbach’s alpha was generally higher for knowledge-based measures. Although some reported 
values were lower, such instances were predominantly observed before students engaged in statistical 
courses. For example, Tintle et al. (2012) noted higher Cronbach’s alpha values for CAOS in both post-
test (.70) and four-month retention (.72) scores compared to the pre-test (.58) that was completed before 
students had taken the statistical course. Similarly, Chan et al. (2015) observed an improvement from a 
pre-test alpha of .67 to the post-test alpha of .88 following an intervention. Allen et al. (2004) provided 
less direct evidence of the relationship between exposure to relevant statistical course content and 
Cronbach’s alpha, comparing the Cronbach’s alphas of SCI across different student samples. They 
found that Cronbach’s alpha for the SCI was lower among external samples, i.e., students from other 
universities, compared to students from the institution where the test was developed. This difference 
was attributed to the measure being designed based on the specific course taught at the developing 
institution, suggesting that the lower reliability among external students reflected their lack of exposure 
to the relevant statistical course content. 

In contrast, skill-based measures consistently yielded lower alpha values with the exception of 
RaProMath, which had Cronbach’s alpha values between .69 and .75. The alpha for skill-based 
measures ranged from .29 for the SRA to .53 for Toplak et al.’s Probability and Statistical Reasoning. 
Interestingly, within Toplak et al.’s (2017) study, which also explored various heuristics and biases, 
Probability and Statistical Reasoning demonstrated the lowest alpha value among those measures. 

Among the mixed-ability measures, a Cronbach’s alpha value was available only for SLT, which 
was an acceptable value of .74. 

 
Person and item separation reliabilities Several studies have adopted alternative reliability 

measures based on the Rasch model or item response theory (IRT), including person separation and 
item separation reliabilities. Person separation and item separation reliabilities reflect the measure’s 
ability to distinguish between individuals of different ability levels and between items of different 
difficulty levels, respectively (Wright & Stone, 1999). In the current review, the original studies for 
four measures—RaProMath, REALI, SAGS, and Chan et al.’s pre–post test—reported such reliabilities. 
Generally, the reported reliabilities were high, with most values exceeding .68. The notable exception 
was the low person separation reliability in the pre-test of Chan et al. (2015), which recorded a value 
of .54 prior to intervention, in contrast to .81 in the post-test. 

Observations from the reported separation reliabilities utilising the IRT approach yielded several 
insights. First, studies of skill-based measures exhibited lower person separation reliability compared 
to those assessing knowledge-based and mixed abilities, which reported person separation of at least 
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.81 (excluding Chan et al.’s pre-test). Studies using RaProMath were the only studies of a skill-based 
measure to analyse and report person separation reliability, with values ranging between .68 (Fiedler et 
al., 2017) and .75 (Fiedler et al., 2019). However, with only one skill-based measure reporting on person 
separation reliability, a definitive conclusion cannot be drawn that person separation reliabilities are 
universally lower for skill-based measures, but the similar findings with Cronbach’s alpha offer some 
support for this conclusion. 

Second, studies employing IRT-based approaches demonstrated consistently high item separation 
reliabilities, with values ranging from .92 to .99 (Chan et al., 2015; Fiedler et al., 2017; Walpitage, 
2016). No noticeable difference in item separation reliability was observed regardless of the measure’s 
focus on knowledge- or skill-based abilities, as exemplified by RaProMath, or in assessments conducted 
before and after an intervention, as with Chan et al.’s pre- and post-tests. 

Last, only one study employed IRT-based empirical reliability based on ability scores. The study 
utilising REALI applied the BILOG-MG program to calculate empirical reliability based on the person 
or theta score and found the IRT empirical reliability to be .88, which is considered high. 

 
Inter-rater reliability The majority of measures discussed in the current review were closed-ended 

in nature, predominantly consisting of multiple-choice items with a predefined scoring system. In 
contrast, a minority of the measures included open-ended items. For such items, inter-rater reliability, 
which evaluates the agreement between the scoring of two raters, is considered a more suitable metric 
for assessing reliability. In the current review, only two studies employed inter-rater reliability to 
evaluate the open-ended components of their measures. 

For the first measure, Statistical Reasoning with Everyday Problems, Lawson et al. (2003) 
employed a coding system to determine whether responses demonstrated statistical thinking and 
reported a high agreement rate of 96%. The second study, regarding the SLT measure (Yolcu, 2014), 
utilised inter-rater correlation specifically for the open-ended section and achieved a correlation 
coefficient of .83. Both studies attained a high level of inter-rater reliability. 

 
3.4.  VALIDITY EVIDENCE BASED ON TEST CONTENT 

 
Expert evaluation has been widely employed as a validation technique for assessing statistical 

ability and ensuring content representation. This should not be surprising given that many statistical 
ability measures are types of achievement tests. Approximately half of the measures reviewed in the 
current study (11) underwent validation through expert consultation, review, or rating, typically by 
university faculty members or instructors. The measures that employed expert validation were SRA, 
SCI (Allen et al., 2004), CAOS, Chan et al.’s pre–post test and technology-based reasoning test, 
RaProMath, QSASS, REALI, BLIS, SLT, and Metz’s statistical survey. 

 
3.5.  VALIDITY EVIDENCE BASED ON INTERNAL STRUCTURE 

 
Several studies attempted to determine the unidimensionality of the statistical abilities being 

assessed. To evaluate unidimensionality, researchers have used methodologies such as the Partial Credit 
Model (PCM) and Confirmatory Factor Analysis (CFA). The application of PCM revealed 
unidimensionality in ASLI, RaProMath (Fiedler et al., 2019), and Callingham and Watson’s Statistical 
Literacy Test. Conversely, BLIS and SAGS were identified as unidimensional through the application 
of CFA. Most of these measures are knowledge-based measures, except for RaProMath, which is skill-
based, and Statistical Literacy Test, which is a mixed-ability measure. 

 
3.6.  CORRELATION WITH COGNITIVE-RELATED FACTORS 

 
During the review, it was discovered that many studies have employed a diverse range of measures 

of cognitive ability or academic performance, making it challenging to standardise these measures for 
meta-analysis. The current section offers a synthesis of the correlations identified between these 
statistical ability measures and predictors of cognitive ability. We start with the most objective 
assessments, such as standardised intelligence or academic tests, and then transition to more subjective 
indicators, such as self-reported educational background and experience. 
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To facilitate interpretation, correlation coefficients of .10, .30, and .50 are conventionally 
considered small, medium, and large effect sizes, respectively (Cohen, 1988). However, these 
benchmarks are arbitrary conventions intended for use only when no better basis for interpretation is 
available (Cohen, 1988; Funder & Ozer, 2019). Consequently, although correlations will be interpreted 
with reference to these benchmarks, more meaningful insights can be derived from examining patterns 
across studies and contextual factors that may influence the strength of observed relationships. 

 
Standardised tests Among the objective cognitive assessments, intelligence tests, such as the 

Wonderlic Personnel Test, and standardised academic tests, including the American College Testing 
(ACT) and the Scholastic Assessment Test (SAT), were utilised. However, these objective measures 
were not widely applied, and correlations were established with the performance of statistical ability 
measures in only two instances. In particular, Martin et al. (2017) found that the widely employed SRA 
demonstrated correlation coefficients of .55 and .44 with the Wonderlic Personnel Test and the 
Numeracy test, respectively. Within the same study, a vocabulary test was implemented and yielded a 
lower correlation (r = .14), thereby indicating further discriminant evidence that statistical ability 
correlates more strongly with numerical capabilities than verbal capabilities. Conversely, performance 
on PRIC demonstrated moderate correlation with ACT and SAT scores, with coefficients ranging from 
.21 to .22 and .40 to .46, respectively (Veilleux & Chapman, 2017a, 2017b). 

 
Academic performance Numerous studies have also utilised university or high school grades as 

measures of cognitive ability, which are more commonly adopted metrics. The strength of these 
correlations with measures of statistical ability varied substantially, ranging from low for the SRA 
(Garfield, 2003; actual correlation value not reported) to statistically significant for the SCI (Allen et 
al., 2004) and PRIC (Veilleux & Chapman, 2017b). Nonetheless, there are some interesting patterns 
regarding the reported effect sizes. 

First, the correlation between the performance of statistical ability measures and course grades 
appeared to be stronger when the measure was specifically designed for the course in question. This 
phenomenon was observed in Allen et al.’s (2004) study of SCI, where the statistical ability measure 
designed for engineering students showed a stronger correlation (r = .41) with engineering course 
grades than with mathematical courses (r = -.05). Similarly, Veilleux and Chapman’s (2017b) study 
with PRIC revealed a small and non-significant effect size with self-reported GPA (r = .14) compared 
to a higher correlation with final exam grades in research method courses (r = .50), which was more 
directly relevant to what PRIC measured. 

Second, statistical ability measures correlated more strongly with cognitive-based course 
performance than with effort-based performance. This trend was evident in Tempelaar et al.’s (2006) 
study with SRA, where the correlation with final exam grades was higher (r = .06 to .28) compared to 
that with effort-based preparatory work, which was negative and generally of lesser magnitude  
(r = -.02 to -.14). Although these results were derived from a single study, the correlations remained 
consistent across three different time periods and for both mathematical and statistical topics. These 
correlations aligned with correlations observed with standardised tests, where performance on statistical 
ability measures moderately correlated with cognitive-based intelligence tests. 

Furthermore, performance on mathematical tests has been examined in some research as direct 
evidence of the correlation between statistical and mathematical abilities. Despite the high correlations 
observed, these results have limitations that restrict the link between mathematical and statistical 
abilities from being conclusively established. The study of González and Birch’s (2000) Statistical 
Comprehension Test found a correlation of r = .36 between the measure and a researcher-generated 
math proficiency score; however, the high correlation could largely be attributed to matching items 
present in both tests with slightly different wording. The study of Seabrook’s (2006) Statistical Thinking 
Measure identified a correlation of r = .52 (after being converted from multiple R2) between the 
performance on the Statistical Thinking Measure during the final exam and a test comprising items on 
basic probability, graph interpretation, averages, and algebra, as well as research method coursework. 
This finding is particularly interesting because it suggests a link between mathematical skills and 
knowledge-based competency measures, although it may also reflect the effect of learning during the 
course rather than statistical ability itself. 
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Educational background and experience Several studies have demonstrated a correlation between 
the number and types of courses undertaken and performance in measures of statistical ability. The 
performance on VanderStoep and Shaughnessy’s (1997) Statistical Methodological Reasoning and 
Gönülal’s (2018) SLA for SLA correlated with the number of psychology and research courses taken, 
with correlations of .28 and .37, respectively. Similarly, the study of SAGS indicated that individuals 
who had taken a research methodology course or three or more graduate-level statistics courses 
achieved higher Rasch scores on the SAGS than those who had not taken these courses or had taken 
only two or fewer (Walpitage, 2016). These correlations highlight the impact of academic experience. 

In the context of high school performance and placement tests, correlations with statistical ability 
measures were inconsistent, although generally positive. For instance, a correlation of r = .33 was 
observed between high school GPA and performance on RaProMath (Fiedler et al., 2017), and students 
with a high school grade of 98% or higher outperformed those with a grade of 74% or lower on the 
QValStstM (Valentini, 2016). Moreover, performance in Advanced Placement statistics courses was 
significantly correlated with performance on CAOS (see Beck, 2018, for regression table). However, a 
study using PRIC found that only those who had completed college-level research and statistical courses 
showed improved performance on PRIC compared to those who had completed high school-level 
courses (see Veilleux & Chapman, 2017a, for t-tests), suggesting that the content may have been 
specifically designed for psychology college students. 

 
3.7.  CORRELATION WITH NON-COGNITIVE-RELATED FACTORS 

 
Attitudes toward statistics Compared to cognitive performance measures, the correlations between 

statistical ability measures and attitudinal measures were relatively scarce. The Survey of Attitudes 
toward Statistics (SATS), developed by Schau et al. (1995) and later updated by Schau (2003), is among 
the most widely used attitude instruments in statistics education research (Whitaker et al., 2022). 
Reflecting this prevalence, SATS was the only attitude measure that appeared in studies examining 
correlations between attitudes and statistical ability within the current review. Before delving into the 
findings of the current review, understanding the SATS’s structure is essential. The original SATS-28 
scale included four components: Affect, Cognitive Competence, Value, and Difficulty. Affect assesses 
students’ emotional response towards statistics; Cognitive Competence evaluates their self-perception 
of knowledge and skills in statistics; Value assesses students’ belief in the importance, relevance, and 
worth of statistics; and Difficulty reflects their belief in the subject’s difficulty. The scale expanded to 
SATS-36 with the introduction of Interest and Effort components. Interest measures students’ personal 
interest in statistics, and Effort assesses the amount of work they invest in mastering the subject. 

In the current review, SATS was used for the three most common statistical measures: SRA, SCI, 
and CAOS. Table 4 summarises the observed correlations between these performance measures and the 
SATS subscales. Performance on SCI showed the most pronounced correlation with SATS’s four 
original subscales. The other measures also showed some correlations, with most coefficients exceeding 
.10. The newer subscales of SATS were reported less frequently. When examined, their correlations 
with performance consistently appeared lower than those of the original subscales. 

 
Table 4. Correlation coefficient between SATS subscales and statistical ability measures performance 

 
  SATS Subscales 

Studies Measure Affect Cognitive 
Competence 

Value (Lack of) 
Difficulty 

Interest Effort 

Tempelaar et al. (2006) SRA .12 .12 .10 .11 .02 -.07 
Estrada & Batanero (2008) SRA .20 .26 .09 .22 - - 
Stone et al. (2003) SCI .26 .32 .33 .25 - - 
Hannigan et al. (2013) CAOS .17 .19 .13 .16 .01 -.02 

 
Self-efficacy and Confidence In addition to examining attitudes towards statistics, research has also 

explored the relationship between other non-cognitive factors, such as self-efficacy and confidence, and 
statistical ability. Although attitudes towards statistics were assessed using a common instrument 
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(SATS) across multiple studies, allowing for detailed discussion of the measure and its subscales, other 
non-cognitive factors were examined less frequently and measured using diverse instruments. 

Notably, Mirick and Davis (2017) employed three questions addressing perceived knowledge, 
confidence, and anxiety, with responses summed to compute a self-efficacy score that showed a 
moderate correlation with the Application Score Questions measure (Spearman’s rho = .24). Similarly, 
Fiedler et al.’s (2017) study of RaProMath measured academic self-concept—students’ self-reported 
competence in the relevant domain—using the Knowledge Processing subscale of the Berlin Evaluation 
Instrument for Self-Evaluated Student Competencies (BEvaKomp). The study revealed a positive 
relationship between performance and academic self-concept in the stochastics topic (Spearman’s rho 
= .23). In contrast, the research with González and Birch’s (2000) Statistical Comprehension Test used 
a six-item scale developed within the study to explore general attitudes towards mathematics and 
computers, reporting statistically non-significant correlations with statistical performance, with no 
reported measure of effect sizes. 

Confidence, on the other hand, represents a distinct construct from self-efficacy: rather than 
referring to the extent to which people believe they can perform a task, confidence specifically concerns 
individuals’ certainty that their provided answers are correct (Stankov, 2013). Confidence is typically 
measured by prompting participants to rate their confidence in the accuracy of their answer after each 
question. Few studies in the current review have considered the effect of confidence on the accuracy of 
responses. In the study with SCI, correlations of raw r = .31 and rank-order r = .33 were observed 
between confidence and performance (Allen et al., 2006). A similar pattern was also found in SRA, 
where there was a correlation of r = .45 between total correct responses and overall confidence (Martin 
et al., 2017). The study with SAGS also addressed the role of confidence, although it defined confidence 
more in terms of attitudes towards statistical tasks rather than correctness, i.e., “Please rate your level 
of confidence in your ability to conduct statistics-related tasks”. Nevertheless, a strong correlation (r = 
.66) was found between performance on SAGS and confidence in handling statistical tasks (Walpitage, 
2016). 

 
Non-statistical variables A potential limitation of these measures included in the review was that 

they might assess learning processes rather than statistical ability itself. Evidence based on relations to 
other variables helps clarify the construct being measured by evaluating correlations with variables 
unrelated to statistics or those related to motivation. Indeed, two measures demonstrated this evidence. 
Fiedler et al.’s (2017) study of RaProMath measured academic self-concept using BEvaKomp in the 
contexts of evolutionary theory and stochastics. The study showed a higher correlation with academic 
self-concept in stochastics (Spearman’s rho = .23) compared to evolutionary theory (Spearman’s rho = 
.19; Fiedler et al., 2017). PRIC also provided evidence supporting appropriate test use, evidenced by its 
performance having low correlations with belief in science or grit, which measures perseverance and 
passion for long-term goals, both with r < .08 (Veilleux & Chapman, 2017b). At least for these two 
measures, these findings support their validity, indicating they assess statistical ability independent of 
other factors. 

In summary, the analysis indicated that the relationships of cognitive, non-cognitive, and non-
statistical predictors with performance on statistical measures remained consistent, regardless of 
whether the measures were knowledge-based competency or skill-based ability. 
 

4. DISCUSSION 
 
4.1.  OVERVIEW OF RESULTS 

 
The objective of the current systematic review was to identify and analyse measures of statistical 

abilities in the published literature, examine their underlying constructs, and summarise their reliability 
and validity evidence. Based on the evidence gathered regarding the content of statistical ability 
measures, educator evaluations have generally confirmed that these measures assess their intended 
learning outcomes. However, despite college GAISE recommendations emphasising statistical thinking 
and conceptual understanding over rote memorisation, many measures focus primarily on knowledge 
that is normative and associated with formal statistical courses, which is evident in the prevalence of 
knowledge-based measures identified in the review. 
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The review also explored the relationship between statistical ability measures and both cognitive 
and non-cognitive factors. As expected, cognitive factors more closely aligned with statistical ability 
demonstrated stronger correlations with performance on statistical ability measures. Although the 
literature on non-cognitive factors is relatively limited, existing studies have generally found positive 
correlations with measures of statistical ability. 

Overall, the evidence suggests that scores from these measures effectively assess what educators 
want students to learn. The correlation patterns provide both convergent evidence that statistical 
abilities are correlated with statistical cognitive (e.g., performance in statistical courses) and non-
cognitive (e.g., attitudes towards statistics) variables, and discriminant evidence through correlations 
with non-statistical variables (e.g., perseverance or passion for long-term goals). 

 
4.2.  EXCLUSION OF RECORDS 

 
The intentional use of broad search terms was aimed at maximising the scope of literature reviewed. 

This approach, however, resulted in the exclusion of numerous records. Despite the exclusion, it was 
still possible to uncover several themes within the reviewed literature. 

A notable theme emerging from the review was the prevalence of the use of qualitative research 
methods in published studies. Many of the studies within the research on statistical ability employed 
interviews to delve into the underlying reasoning processes of individuals. This methodology may 
reflect educational researchers’ emphasis on understanding students’ reasoning processes rather than 
on gathering quantitative data. Nevertheless, the generalisability of these studies’ findings may be 
limited because they often involve small sample sizes and are specific to particular groups. 

The excluded records also revealed a considerable inconsistency in the measurement of constructs 
when terms such as “statistical reasoning” are used. For instance, some studies may narrow their focus 
to Bayesian reasoning (e.g., Sirota et al., 2015) rather than encompassing the broader concept of 
statistical reasoning. This inconsistency highlights a need for a unified definition of statistical ability to 
ensure coherence and comparability across research studies. 

Furthermore, the review identified a scarcity of standardised measures for assessing statistical 
ability. The majority of the excluded studies relied on course examinations, which often lacked validity 
evidence because the interpretation of examination test scores was not always assessed. This gap in the 
literature suggests a need for the development of standardised instruments and validation of the 
interpretations of test scores to measure statistical ability in a wider context. 
 
4.3.  CONTENT OF MEASURES 

 
The present study conducted a systematic review of published measures of statistical ability, 

building upon the work of Salcedo (2014), who used a different method of content analysis in teacher-
generated examination items. Despite these differences in approach, both studies reached similar 
conclusions regarding content proportions. The findings indicated that the majority of statistical ability 
items assessed descriptive statistics. A large number of items measured what is referred to as statistical 
literacy, which is analogous to knowledge-based competency in the current study. 

The current review expands upon Salcedo’s (2014) findings by not only examining the content 
proportion in published measures of statistical ability but also exploring the relationship between the 
statistical topic and the type of content. It was found that measures focusing on descriptive statistics are 
predominantly knowledge-based, whereas those including probability items tend to be skill-based. This 
correlation is reasonable considering that concepts of descriptive statistics, such as calculating and 
understanding means and standard deviations, are usually taught in academic settings, whereas 
probabilities, such as probabilities associated with coin flips or weather predictions, are also likely to 
be encountered in everyday life. 

It should be noted that the conclusion that there are few skill-based measures is limited by the 
inclusion/exclusion criteria of the current review, which only included measures of general statistical 
ability. The literature primarily focused on the knowledge component of general statistical skills. 
However, when addressing specific skills, such as Bayesian reasoning (e.g., Sirota et al., 2015), the 
studies were often deemed too specialised to be included in the review. Although such specific skills 
may be skill-based, they likely are not representative of statistical ability as a whole. For example, 
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performance in Bayesian reasoning likely would not generalise to other statistical skills, such as 
understanding sampling distributions. 

 
4.4.  CONSTRUCT OF STATISTICAL ABILITY 
 

The validity evidence from educator evaluations allowed us to interpret scores from many of these 
measures as indicators of statistical ability that aligned with intended learning outcomes. Evidence 
based on relations to other variables demonstrated that these test scores reflected cognitive ability, with 
strong correlations of cognitive variables with both knowledge-based competencies and skill-based 
abilities. Because increases in Cronbach’s alpha observed in later administrations for multiple 
administrations of the same assessment cannot be attributed to changes in test length, the improvement 
in reliability likely reflected reduced measurement noise that previously resulted from random 
responses by students who had not yet learned the material. 

Regarding statistical ability, the current review provides limited evidence of its dimensionality. 
Studies that assessed unidimensionality using PCM or CFA found that measures of knowledge-based 
competency demonstrated evidence of unidimensionality. There was less evidence of unidimensionality 
from measures of skill-based or mixed competencies, with only one supporting study for each. It is 
possible that knowledge-based competencies tend to be unidimensional, potentially reflecting broader 
learning rather than statistical ability. In contrast, skill-based measures often assess multiple distinct 
abilities that may not strongly correlate with each other. For example, performance on intuitive 
probability items might not correlate with performance in understanding and computing the mean. 
Although the absence of evidence for unidimensionality does not necessarily indicate the lack of it, 
these preliminary interpretations offer promising directions for future research.  

The current review also suggests that most statistical ability measures are designed for specific 
populations, such as engineering or psychology students, as seen in the SCI and PRIC, respectively. 
Consequently, performance on these tests is better correlated with grades in the relevant courses for 
which they were designed. This relationship partially explains inconsistent correlations with high school 
grades because only those measures that assess statistical concepts (rather than methodological 
knowledge), such as RaProMath, are correlated with high school grades. As a result, not all measures 
assess the same underlying construct. Borrowing from the well-known quote by Boring (1923), the 
finding can be summarised by the phrase: statistical ability is “what the test tests.” 

 
4.5.  LIMITATIONS 

 
The current study acknowledges its limitations due to the limited number and diversity of measures 

for statistical ability and other cognitive and non-cognitive factors. However, the primary objective was 
to identify relevant measures and analyse their components, with correlation analysis being a secondary 
focus. Even if a meta-analysis had been conducted, the heterogeneous nature of the measures would 
likely limit the practical implications because the current systematic review revealed considerable 
variation in how different measures captured statistical ability. Nevertheless, we acknowledge that the 
limited quantitative findings may restrict generalisability. 

Despite using broad keywords in our search strategy, the current review may not have captured all 
relevant papers or measures that meet the inclusion and exclusion criteria. Some papers may have been 
missed because they were not indexed in the databases we searched or were not identified through our 
citation tracking process. This is an inherent limitation of systematic reviews; however, with 
approximately 1,400 papers initially identified, this limitation should not substantially undermine the 
review’s value. For a more comprehensive collection of papers, readers may refer to the Validity 
Evidence for Measurement in Mathematics Education repository (VM2ED; Krupa et al., 2024). 

Additionally, the current review included only English-language publications, which was a 
deliberate inclusion criterion. Papers in other languages were excluded because translation would have 
required additional resources. While acknowledging this limitation, we note that English is widely used 
in statistics education and research, and English-language measures are commonly and easily accessible 
in international contexts (Hamel, 2007). Although advances in artificial intelligence may soon facilitate 
easier translation of papers across languages (Nature Human Behaviour, 2023), the technology is still 
developing and was not employed in the current study. 
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4.6.  THEORETICAL AND PRACTICAL IMPLICATIONS 
 
For theoretical implications, the current review proposes separating skill-based and knowledge-

based competency measures to better categorise assessments and understand the different constructs 
within statistical ability. Our systematic review revealed that most measures are knowledge-based, 
primarily reflecting formal statistical knowledge with less focus on reasoning. This highlights that the 
literature on statistical ability measurement emphasises knowledge-based competencies—those that 
require formal instruction to acquire—rather than skill-based abilities that can be developed through 
informal reasoning and intuition. We must clarify that the implication does not make any value 
judgement that one ability is better than the other because knowledge-based competency and skill-based 
ability are complementary and support each other. Nonetheless, it is important to acknowledge that 
many published measures have undergone rigorous psychometric validation procedures. Based on our 
findings, we can confidently claim that test scores reflect students’ statistical ability—specifically 
constructs related to statistics, both cognitive and non-cognitive—rather than merely reflecting general 
learning capacity. 

The practical implications of this review can be summarised in two main aspects. First, our 
compilation of existing measures facilitates the selection process for researchers and educators, 
allowing them to choose the most appropriate measure for their specific needs. Although the VM2ED 
team (Krupa et al., 2024) developed a more detailed repository of measurements with validity evidence 
during the period of our review, our systematic review provides additional valuable information, 
particularly regarding general and specific content areas of assessment to help clarify what each 
measure actually assesses. For example, CAOS would be more suitable for evaluating students’ 
understanding of statistical concepts after a course that focuses on descriptive and inferential statistics. 
In contrast, SRA would be more appropriate for evaluating reasoning skills with an emphasis on 
probability. 

Second, our systematic review also highlights gaps and limitations in the validation of statistical 
reasoning measurements. The findings reveal a scarcity of measures that directly assess the reasoning 
aspect of statistical ability as opposed to knowledge-based assessment. Furthermore, there is limited 
validity evidence for measures of reasoning, such as the SRA. Future studies should focus on providing 
additional validity evidence for their measures as proposed by the Standards (AERA et al., 2014). These 
findings suggest directions for future research on measurement development to address current 
limitations. 

 
4.7.  CONCLUSION 

 
This systematic review provides a comprehensive overview of the current state of measures for 

assessing statistical ability, serving as a guide for researchers and educators in selecting appropriate 
tools for their specific needs. The findings also highlight the diversity in conceptualisation and 
operationalisation of statistical ability across studies, with varying psychometric properties and a 
predominant focus on knowledge-based competencies over skill-based abilities. The literature’s 
emphasis on formal knowledge rather than informal reasoning underscores the need for further research 
and development, particularly in creating measures that assess skill-based abilities. By shedding light 
on the gaps in existing measures and identifying the directions for future research, the current review 
aims to guide education and measurement development to better support students in acquiring statistical 
skills, not just in knowing what, but also in knowing how. Addressing these gaps and developing more 
comprehensive measures could enable educators and researchers to foster an understanding of the 
underlying process and application of statistical concepts among students, preparing them for an 
increasingly data-driven world. 
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