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In a higher education system characterized by open access and a growing number of 

enrollments, it is essential to adequately inform students about their skills and interests to 

facilitate informed decision-making regarding their academic pursuits and minimize the risk 

of dropout (Fonteyne, 2017). However, the prevalence of dropout underscores the need for 

intervention strategies, prompting the provision of exploratory tools to secondary school 

students in their final year. Study orientation tools try to focus on cognitive knowledge on one 

hand, and encompass non-cognitive skills and interests on the other hand, as both factors 

contribute to academic success in higher education (Richardson et al., 2012; Fonteyne et al., 

2017; Author et al., 2022). 

Amongst these factors, intelligence arguably stands out as the pivotal predictor of 

academic performance (Roth et al., 2015). As a key part of the study choice process, 

intelligence assessment can hold a crucial role in guiding students towards higher education. 

Unfortunately, most available intelligence tests (such as the Stanford-Binet and Wechsler 

scales) are costly, limiting their accessibility in research settings. Additionally, these tests are 

time-consuming to administer, which could result in fatigue and reduced participant 

engagement (Ackerman & Kanfer, 2009). While freely available public domain intelligence 

tests exist, such as the International Cognitive Ability Resource (ICAR16) and Cog15, these 

measures are still under-researched, and their psychometric properties require further 

validation (Kajonius, 2014; Kirkegaard & Nordbjerg, 2015, Kristjánsdóttir & Zaiter, 2023). 

e Matrices has raised 

concerns about compromised validity due to test exposure, particularly in online research 

settings (Benisz et al., 2018). Freely available alternatives can help mitigate these issues by 

diversifying the pool of reliable assessment tools. However, despite the availability of some 

public domain measures, the need remains for additional tests that are both psychometrically 

sound and easily accessible. To address these challenges, we developed a free, short non-



verbal reasoning test designed to serve as an alternative measure of cognitive ability. By 

offering an additional public domain tool, we aim to expand the available resources for 

researchers, improve accessibility, and contribute to the ongoing refinement of intelligence 

assessment in psychological research. Key considerations in this test development include (1) 

the need to avoid cultural and verbal influences by using non-verbal items, (2) ensuring a 

limited testing time, (3) mitigating gender differences, (4) aligning the test structure with 

existing validated assessments and (5) free availability without fees that may hinder access for 

vulnerable students or countries. Rules is designed to identify students at risk for academic 

achievement, rather than to select top-students, and is therefore by design more sensitive at 

the lower end of the ability spectrum. From an orientation perspective, the goal is to assess 

basic reasoning skills and identify individuals who clearly lack these core cognitive abilities. 

As the primary research goal, the present study evaluates the psychometric properties 

of the non-verbal reasoning test that we called Rules. We analyzed the test structure using 

confirmatory multidimensional item response theory (MIRT) models. To assess construct 

validity, participants completed both Rules and Raven's 2 Progressive Matrices Short 

Screener. Additionally, scores from a standardized mathematics and language proficiency test 

were collected to examine predictive validity. We do not claim to provide a comprehensive 

understanding of intelligence (or 'g') through this test, but rather aim to efficiently assess a 

significant component of cognitive ability. 

Cognitive Ability 

maximal capacity to complete a novel standardized task with veridical scoring using 

perceptual-  

The concept of cognitive ability is extensively studied across various disciplines. 

Within the field of psychometrics, it is particularly utilized as a key metric to assess and 



quantify this ability in relation to individual differences. Cognitive ability serves as a metric 

for one's adeptness in learning or processing information (Gottfredson, 1997). Learning is 

inherently shaped by intelligence, whether derived from experiences or other sources 

(Sternberg & Kaufman, 2011). Individuals with higher cognitive abilities exhibit a propensity 

for accelerated learning, irrespective of the source of information. They demonstrate enhanced 

capacity to retain data in their working memory, thereby facilitating efficient acquisition of 

knowledge and skills (Derue et al., 2012). The concept of cognitive ability emerges as a 

crucial predictor of success in both training and professional environments, particularly in 

roles involving higher levels of complexity. Gottfredson (1997) presents evidence supporting 

the pervasive usefulness of cognitive ability, asserting that its essence lies in the capacity to 

manage cognitive complexity, particularly in handling intricate information processing tasks.  

Cattell-Horn-Carroll (CHC) Theory of Intelligence 

In the context of the present study, we focus on fluid intelligence in accordance with 

the theory of intelligence of Cattell-Horn-Carroll (CHC).  

The CHC model has its roots in several older intelligence theories. Following a period 

in which intelligence was conceptualized as a single underlying construct, referred to as the g-

factor (Spearman, 1904), Cattell (1941, 1957) introduced a two-factor model of intelligence: 

fluid intelligence (Gf) and crystallized intelligence (Gc). Cognitive ability is commonly 

categorized into fluid and crystallized intelligence, with crystallized intelligence denoting the 

reservoir of accumulated knowledge. Conversely, fluid intelligence represents an individual's 

capacity to manipulate both existing and novel information. Fluid intelligence denotes the 

capacity to tackle unfamiliar problems, engage in abstract reasoning, and navigate novel 

situations. This cognitive faculty encompasses a spectrum of skills, including pattern 

recognition, abstract reasoning, and problem-solving. Subsequently, in the 1980s and 1990s, 

Cattell's Gf and Gc model was further expanded to include factors such as visual perception, 



short-term memory, long-term storage and retrieval, processing speed, auditory processing, 

quantitative skills, and reading and writing skills (Horn, 1988, 1991; Horn & Noll, 1997). 

After an extensive analysis, Carroll (1993, 1997) developed a hierarchical model of 

intelligence (the Three-Stratum Theory), marking the birth of the CHC model (Schneider & 

McGrew, 2012). 

The CHC model consists of three levels. At the third level (Stratum III), the narrow, 

specific cognitive abilities are located. These include skills such as listening ability, general 

knowledge, and perceptual speed (Carroll, 1993; Schneider & McGrew, 2012). Stratum II 

logically represents a step higher in the hierarchy, encompassing eight to ten broad cognitive 

abilities. Alongside fluid and crystallized intelligence, other abilities such as short-term 

memory, processing speed, and auditory processing are grouped under Stratum II (Schneider 

& Newman, 2015). At the top of the hierarchy, in Stratum I, lies the overarching factor g, 

which describes general cognitive ability (Carroll, 1993, 1997; McGrew, 2009; Schneider & 

McGrew, 2012). 

The positive manifold refers to the consistent pattern of positive correlations found 

among diverse cognitive ability tests (Kovacs & Conway, 2019). Originally identified by 

Spearman (1904), this phenomenon highlights the interrelated nature of various cognitive 

tasks. Essentially, all subtests that measure different dimensions of cognitive functioning tend 

to show significant intercorrelations (Burgoyne et al., 2022), which collectively contribute to 

the formation of a general intelligence factor, often understood as a formative construct in 

psychometric theory. 

Within the CHC model, reasoning ability stands out as an important and specific 

cognitive skill as part of fluid intelligence. Reasoning ability entails the capacity to engage in 

logical thinking, comprehend abstract concepts, and employ problem-solving strategies 

effectively (Kaufman et al., 2016).  



While the CHC model, which differentiates between fluid and crystallized 

intelligence, remains the prevailing framework in cognitive ability research, alternative 

models have been proposed. Vernon (1965) introduced a two-factor structure consisting of 

verbal/educational (v:ed) and spatial/mechanical (k:m) abilities. In contrast, Johnson and 

Bouchard (2005) suggested a three-factor model that includes verbal, perceptual, and image 

rotation abilities. Another perspective argues that these three components verbal, perceptual, 

and rotation are the most accurate way to describe cognitive abilities at a level below 

general intelligence (g) (Bouchard, 2014; Johnson & Bouchard, 2005). 

Fluid Intelligence and Academic Achievement 

The meta-analysis of Roth et al. (2015) demonstrated a population correlation of r = 

.54 between cognitive ability and school performance. CHC key studies highlight the 

importance of both broad and narrow cognitive abilities in predicting academic achievement, 

even when controlling for the overarching factor of general g (Flanagan, 2000; McGrew et al., 

1997). Authors like Flanagan (2000) and also McGrew et al. (1997) suggest that g's impact on 

achievement is best comprehended as an indirect effect, mediated by various broad and 

narrow cognitive abilities.  

Fluid intelligence is typically gauged through performance tests like the well-known 

(but not free) Raven's test (Raven et al., 1998), and emerges as a pivotal determinant of 

academic achievement (Kuncel et al., 2004), with studies consistently revealing its positive 

correlation with academic grades (Colom & Flores-Mendoza, 2007). The effect is particularly 

striking in its association with mathematics grades (McGrew & Wendling, 2010; Peng et al., 

2019; Primi et al., 2010). More specifically, study outcomes suggest that certain abilities such 

as fluid intelligence play a pivotal role in the development of specific reading and math skills. 

The meta-analysis of Peng and colleagues (2019) found that Gf was moderately related to 

reading, r = .38, and mathematics, r = .41. Fluid intelligence emerge as crucial factor above 



and beyond the predictive power of general cognitive and achievement constructs. If fluid 

reasoning skills are indicative of future performance and can be assessed through relatively 

brief tests, then it is certainly advantageous to incorporate these tests within the framework of 

academic study orientation. Therefore, the present study investigates this relationship. 

Fluid Intelligence and Sex 

According to Barel and Tzischinsky (2018), men excel in their ability to handle visual-

spatial images in working memory. Women have an advantage in tasks requiring the retrieval 

of information from long-term memory and the acquisition and use of verbal information. 

Conversely, the study by Colom and Garcia-Lopez (2002) indicates that while males 

outperform females on the Raven test, there is no systematic difference favoring either sex in 

measures of fluid intelligence (Gf). Abad et al. (2004) confirmed the potential bias in the 

Raven's test, suggesting that males may perform better on certain items due to the fact that the 

items for reasoning are heavily relying on visuo-spatial processing. 

Further research demonstrated mixed results, with some results in support of the 

notion that inductive reasoning tests with figural material tend to favor males, (e.g., Luo et al., 

2021), while others (Piraksa et al., 2014; Waschl & Burns, 2020) found no significant 

differences. However, a recent meta-analysis by Waschl and Burns (2020) suggests that 

although effect sizes are generally small, males tend to have an advantage on inductive 

reasoning tests that involve figural material.   

To address this issue, we aim to reduce sex differences within our test by minimizing 

the visuospatial complexity of reasoning items. Specifically, we modify problem structures to 

focus more on abstract relational reasoning rather than spatial transformations, which are 

known to contribute to male advantages in traditional inductive reasoning tasks. However, 

since Rules includes non-verbal items involving induction and deduction, a small advantage 



for men may still persist. We strive to minimize this as much as possible while maintaining 

  

To address this concern, we aim to minimize sex differences in our test by reducing 

the visuospatial complexity of reasoning items. Instead of heavily relying on spatial 

transformations, our approach emphasizes abstract relational reasoning, which does not 

inherently favor one sex over the other. While Rules still includes non-verbal items involving 

both inductive and deductive components, we have designed the items to limit undue 

advantage based on visuospatial processing skills. Nonetheless, some small performance 

differences may persist, but our goal is to mitigate these as much as possible while preserving 

the validity of the test as a measure of fluid intelligence. 

Fluid Intelligence and SES 

 Research of Rindermann and colleagues (2010) discusses the influence of parental 

socioeconomic status (SES) and education on intelligence. While the correlation between 

SES, education and crystallized intelligence (Gc) tends to be stronger, fluid intelligence (Gf) 

is also associated with SES, although to a lesser extent (Anum, 2022). This finding means that 

the knowledge and skills acquired through education and life experience (crystallized 

intelligence) are more influenced by parents' socioeconomic and educational background 

(Anum, 2022). Fluid intelligence is more biologically based and less influenced by 

environmental factors. However, the findings also support the idea that fluid intelligence is 

not entirely immune to environmental influences, and conversely, higher levels of fluid 

intelligence may also shape the environment, as individuals with higher intelligence may 

actively seek out enriching experiences and opportunities (Trapp & Ziegler, 2019). It is 

important to note that this association is bidirectional: while SES may influence intelligence, 

it is also possible that intelligence contributes to higher SES through pathways such as 

educational attainment and career choices (Duyck, 2023). This bidirectional understanding 



helps to avoid the assumption that intelligence tests are unfairly biased by SES. In the present 

study, we examine SES in relation to Gf and academic performance in reading and 

mathematics, acknowledging that intelligence and SES are correlated, with typical medium to 

strong correlations around r = .38 (Levine, 2011). Additionally, research highlights the 

importance of distinguishing SES from other factors, such as maternal cognitive abilities, 

when making such claims (Marks & O'Connell, 2021a, 2021b).  

Public Domain Testing 

Intelligence tests are widely utilized to assess an individual's mental capacities and 

compare them to those of others using scaled scores (Braaten & Norman, 2006). These tests 

rank among the most accurate psychological measurement instruments, still renowned for 

their reliability and validity and highly valued by experts (Gottfredson, 1997; Rindermann et 

al., 2020; Bloemink, 2023). Meta-analytic test retest reliabilities of the test scores varied from 

adequate to high, with correlations of r = .70 and above (Calamia et al., 2013). The outcome 

of an intelligence test is typically expressed as an IQ score, which relates an individual's 

performance to others within the same age group. IQ scores are presumed to follow a normal 

distribution within the population. 

The advantages of utilizing free public domain resources for researchers are described 

by Condon and Revelle (2014). These benefits include cost-effectiveness, increased control 

over test content, and the potential for a more nuanced understanding of the correlation 

structure between constructs. Additionally, public domain measures offer a collaborative 

platform for researchers to contribute to test development, refinement, and validation, 

ultimately benefiting the research community by facilitating empirical comparisons across 

diverse criteria. While public domain alternatives exist, including the International Cognitive 

Ability Resource (ICAR16) and Cog15, they each have limitations that warrant the 

development of additional assessments. The ICAR16, a freely available cognitive ability 



measure, has demonstrated good psychometric properties, particularly in assessing fluid 

reasoning and visual-spatial processing (Young & Keith, 2020). However, studies indicate 

that the instrument remains under-researched, with concerns about its generalizability across 

diverse populations (Kirkegaard & Nordbjerg, 2015). Similarly, the Cog15 is a brief cognitive 

ability test that has yet to be validated (Kajonius, 2014), raising questions about its reliability 

and construct validity. Moreover, the overuse of established tests like Raven's Progressive 

Matrices has raised concerns about compromised validity due to test exposure. Freely 

available alternatives can help mitigate these issues by diversifying the pool of reliable 

assessment tools. To address these challenges, we constructed a new, freely available, and 

concise non-verbal reasoning test. Our goal is to provide researchers with an alternative 

measure that enhances accessibility while maintaining strong psychometric properties. This 

test is designed to serve as both a standalone assessment of non-verbal intelligence as well as 

a control variable in various research contexts, further expanding the range of reliable public 

domain intelligence measures available to the scientific community. 

Present Study 

The present paper features three studies where we evaluate Rules, a free measure for 

non-verbal reasoning. Note that Rules does not measure IQ 

broad abilities are not covered by the scale. In other words, Rules estimates the fluid (Gf) 

aspects of cognitive ability, rather than the broad CHC concept of IQ. 

The first study evaluated (1) the internal consistency of the subtests and Rules as a 

whole, (2) the distribution of Rules scores and the distribution over sex and SES by 

differential item functioning (DIF), (3) item characteristics explored by Item Response 

Theory, and (4) structural properties of a 28-item Rules measure. We used multidimensional 

item response theory for confirmatory models (correlated dimensions model and bifactor 

model) by using maximum-likelihood measures. We examine the structural validity of the 



non-verbal reasoning test Rules, through the framework of the most well-supported theory of 

intelligence, Cattell  Horn Carroll (CHC) theory (McGrew, 2009). 

The second study evaluates the construct validity of  items when administered 

online, by cross-validating with 

Progressive Matrices Short Screener (McLeod & McCrimmon, 2021). The relationship 

between Raven's 2 scores and performance on comparable cognitive functioning measures 

demonstrated moderate to strong correlations (McLeod & McCrimmon, 2021). A literature 

review revealed a weighted average correlation of .67 between the WAIS and Raven 

(Correlation Between The Wechsler Adult Intelligence Scale And Raven

Matrices, 2018; McLeod & Rubin, 1962). 

The third study evaluated the predictive validity of Rules for academic performance by 

examining the relation with scores on a standardized mathematical skills and language test in 

the context of a large-scale online self-assessment tool that students in secondary education 

take for orientation towards higher education (the nationwide Columbus tool). We 

hypothesize that fluid intelligence (Rules) will serve as a significant predictor of both 

mathematical skills and language proficiency. Based on the findings of Peng et al. (2019), 

which identified moderate correlations between Gf and reading (r = .38) as well as Gf and 

mathematics (r 

positively correlate with higher scores on standardized tests of mathematics and language 

skills. 

Method 

Data and Procedure 

 Data were gathered from two samples: a secondary database of N1 = 32,585 students 

(60% female) in their last year of secondary school gathered within the longitudinal 

Columbus project (period 2016-2020) for study 1 and 3, and a primary sample of N2 = 235 



(47% female) last-year students of general (44%), technical (29%) and vocational (27%) 

secondary education who also completed the non-

Screener (between February and May 2023), in a counterbalanced order for study 2.  

Secondary data were collected from Columbus: a long-term study orientation initiative 

initiated by the government for prospective students in Flemish higher education (Demulder 

et al., 2020). Columbus is a large scale online self-assessment and feedback instrument, 

attempting to improve study orientation between secondary education (especially general and 

technical education1) and higher education. Although we used a convenience sample, 

participants were primarily recruited within school settings, often as part of broader 

educational guidance procedure. As a result, participation was largely institutionally driven 

rather than self-initiated. As a non-verbal reasoning test, Rules is part of this cognitive test 

battery, in addition to a mathematical skills test and an academic language proficiency test. 

For the present paper, d

the last year of secondary education extracted from cohorts 2016-2017, 2017-2018, 2018-

2019 and 2019-2020. The participants in the study had an average age of 18 years old, with 

ages ranging from 17 to 21 years. The distribution of participants across SES categories was 

as follows: 61.3% were classified as SES = 0 (high SES), 24.7% as SES = 1, 8.4% as SES = 

2, 4.0% as SES = 3, and 1.6% as SES = 4 (low SES). 

Compliance with Ethical Standards 

The present study is part of "The Columbus Project: a tool for study orientation 

towards higher education", to which the Ethical Commission of the Faculty of Psychology 

and Educational Sciences at Ghent University has given approval with reference 2016/82. 

 

                                                 
1 Columbus data consist of 61.4% general, 36.1% technical, 1.3% vocational and 1.3% artistic secondary 

education students. 



Measures 

Short Screener 

The  Screener serves as a non-verbal intelligence test 

designed to rapidly assess general g (Pearson, 2020; Raven & Raven, 2018). Based on data 

from the United States, the marginal reliability coefficient for the Raven's 2 Digital Short 

Form is reported to be .80 (Dimitrov, 2003; McLeod & McCrimmon, 2021). The test assesses 

deductive reasoning, a key component of general g as identified by Spearman (1904). 

Deductive reasoning encompasses the ability to derive new insights, extract meaning from 

complexity, identify patterns, and establish connections (Raven et al., 2018; Pearson, 2020). 

Participants are required to discern a rule based on provided information and apply this 

rule to the missing section. When administered digitally through Q-Global, the 

Progressive Matrices Short Screener consists of 24 items, which are drawn from a larger item 

bank of 329 items. These 24 items are selected to provide a representative measure of 

deductive reasoning and are presented with straightforward and concise instructions. The test 

requires approximately 20 minutes per participant. A score report was obtained via Q-Global 

(Pearson, 2023). The report describes a scaled score which is a standardized score, and can be 

compared to other intelligence tests. Administering Raven is not free, 25 pre-paid digital test 

 

Featuring a wide age range from 4 to 69 years and covering a broad spectrum of 

cognitive abilities (IQ 40-160), the 

individuals with communication disorders, limited verbal capacities, non-native speakers of 

Dutch, or those who are deaf or hard of hearing.  

Rules 

We developed a Raven-style non-verbal reasoning test, Rules, to operationalize fluid 

intelligence. The reliability and validity of a measurement depends on both the instrument and 



the sample used. Therefore, we assessed the internal consistency of all measures for the 

current sample (Harris, 2003; Graham, 2015). 

As deduction and induction are generally considered as indicators of Gf (McGrew, 

2009), the test consists of 28 items in MC-format, with 14 items about deductive and 

inductive reasoning each. The first segment, termed 'deduction', presents participants with a 

series of drawings, wherein one deviates from the others (see example Figure 1). Participants 

are tasked with identifying this divergent drawing by discerning its distinguishing 

characteristic and implying rules. In contrast, the second segment of Rules, labeled 'induction', 

presents participants with a prototype drawing that undergoes a transformation to generate a 

subsequent drawing by applying the same rules (see example Figure 2). Participants are 

subsequently provided with a new drawing and are required to replicate the transformation by 

analogy with the prototype. Selection of the appropriate alteration is made from a set of four 

possible options. The 28-item Rules can be found in Appendix A. 

Figure 1 

Example of Deduction Item 

Figure 2 

Example of Induction Item 

Rules is designed as a research and counseling assessment instrument in an open 

access study environment with low tuition fees and no performance prerequisites like 

obtaining minimal exam scores or grades. Rules aims to be discriminative at the lower end of 

the ability spectrum of higher education. From an orientation perspective, the primary goal is 

to assess basic skills and identify individuals who clearly lack these core cognitive abilities 

for successful achievement in higher education (International Standard Classification of 

Education (ISCED) levels 6 and 7). The test is not intended to select or predict performance at 

the higher end of the spectrum. 



Cognitive Measures  

As mathematical competence is one of the most important factors for academic 

achievement, we assess basic mathematical skills (Fonteyne et al., 2014) using 25 items. 

Advanced numerical competence is measured by 10 additional questions as some academic 

degrees require higher levels of mathematical insight. The basic and advanced mathematical 

test scores can be combined into one mathematics score (  = .89) with items both in MC-

format and open questions. In a group of 400 people, there are 270 

men and 130 women. Among the women, the proportion of low-skilled individuals is 0.4. 

How many low-skilled women are there specifically?  

 Academic Language Proficiency is tested with the Short Academic Reading and 

Vocabulary test (SARV) (Heeren et al., 2020). The 14 items (  = .66) test word knowledge 

and reading ability. Word knowledge items test whether word meaning can be inferred from 

the context or word form. Reading ability tests insight into text construction where students 

must recognize the major text structures and be able to pick the correct one-sentence resume 

of a text in a multiple-choice format. There is a time limit to encourage students' strategies 

(Hulstijn, 2015). 

Sex 

Sex (male/female) was included as a binary variable (0/1) obtained by linking the data 

to the administrative database of the Flemish Department of Education and Training, which 

. 

Socio-Economic Status 

Socio-economic status (SES) in an educational context was measured by the 

educational disadvantage indicator which  (Flemish 

Government, 2018; Avvisati, 2020) for the Flemish government to determine access to 

(financial) support measures. A number ranging from zero to four is computed by indicating 



 (11.6% of 

the sample received a point on this indicator), 2) the language spoken at home is different 

from the language spoken at school (8.5% of the sample), 3) the neighbourhood has a high 

percentage of 15-year-olds with a school delay of two years or more (16.1% of this sample) 

and 4) the student receives a scholarship (23.8% of this sample). Higher scores indicate 

greater disadvantage. 

Analyses 

Analyses were conducted in SPSS (IBM SPSS Statistics, Version 29) and RStudio 

(version 1.3.1093). The internal consistency of the various subtests, as well as the overall 

Rules, is evaluated us

McDonald, 1999). To determine the internal consistency, we follow the COTAN framework 

for test quality assessment (Evers et al., 2010). This framework provides specific threshold 

criteria for evaluating internal consistency

application. Our primary objective is to develop a tool for research purposes, we apply the 

cut-off values established for group-level studies. Under these guidelines, internal consistency 

coefficients above .70 are considered good, those between .60 and .70 are acceptable, and 

coefficients below .60 are regarded as inadequate (Nunnally & Bernstein, 1994, p. 265). 

The correlations between Rules and the subtests were adjusted to account for overlap 

due to shared error variance (Bashaw & Anderson, 1967; Cureton, 1966). This process, 

executed using the scoreOverlap function, removes the variance contributed by overlapping 

items and replaces it with the most accurate estimate of common variance, which is the 

squared multiple correlation for each item (Revelle, 2024). 

A t-test and anova were conducted to investigate the differences for sex and socio-

economic status (SES) on test level. To ensure that the test items did not exhibit bias towards 

students with specific background characteristics, a Differential Item Functioning (DIF) 



analysis was conducted for sex and SES. The DIF analysis followed the guidelines proposed 

by Strobl et al. (2015), investigating potential sources of DIF, such as item wording, 

characteristics, or multidimensionality in the test. 

To assess both the significance and magnitude of DIF, the Mantel-Haenszel Chi-

square test was employed, and deltaMH was calculated with the difR package (Magis et al., 

2020). These procedures are based on the Mantel-Haenszel2 DIF method as described by 

Magis et al. (2010, 2020). The structural validity of the non-verbal test was assessed using 

confirmatory Multidimensional Item Response Theory (MIRT) conducted 

package in R (Chalmers, 2012). MIRT is an extension of IRT and is used to explore and 

validate underlying test structure and dimensionality (Immekus et al., 2019; Kruglova & 

Dykhovychnyi, 2022). When the test assesses more than one underlying ability, MIRT models 

such as confirmatory (Embretson & Reise, 2000) are employed to investigate and assess 

whether they adequately represent the structure of the CHC framework. Analyses based on 

three-parameter MIRT were used to evaluate multidimensional relationships between items 

on several levels, including (1) all 28 items, (2) the two item types  deduction and induction 

 independently, and (3) the items with a second order g-factor. Pseudo-guessing parameters 

are freely estimated. The fit of the model was assessed using various fit statistics3, including 

the chi-square statistic, RMSEA, comparative fit index (CFI), and standardized root mean 

square residual (SRMR) to select the best fitting model. In this paper, we compared two 

MIRT models: one with two correlated dimensions and a second-order factor model. 

                                                 
2 The absolute value of deltaMH serves as an effect size indicator for DIF, with classification following the ETS 

Class C) (Magis et al., 2020). 
3 Hu and Bentler's (1999) derived cutoffs for evaluating model-data fit using Maximum Likelihood (ML) 
estimation and provide specific guidelines for interpreting key fit indices: RMSEA values below 0.05 indicated a 
good fit, while values around 0.08 suggested reasonable fit. CFI values exceeding 0.95 and SRMR values below 
0.08 were considered indicative of acceptable fit. 



Construct validity was evaluated through the bivariate correlation between our non-

verbal test and the  short screener, a well-established measure 

of fluid intelligence (Raven & Raven, 2018). The correlation analysis provided insights into 

the extent to which the non-verbal test aligns with another measure of intelligence, thereby 

assessing its construct validity. 

Predictive validity was assessed through linear regression analyses conducted in IBM 

SPSS Statistics (version 29). These analyses aimed to investigate the extent to which scores 

on the non-verbal Rules test predict academic performance measured by mathematics scores 

and academic language proficiency. This analysis enabled us to determine whether the non-

verbal test scores could effectively predict academic performance.  

Results 

Study 1: Structural Validity 

Internal Consistency 

The internal consistency was measured for the subtests, deduction and induction, and 

Reise & Haviland, 2024; Revelle & 

Condon, 2019; Taber, 2017) and 4 (Dunn et al., 2014; McDonald, 1999). 

The overall Rules test showed good internal consistency with a Cronbach's  = .79 and 

 = .80. The items of the deduction subtest showed  = 

.63  = .65, which was acceptable (Evers et al., 2010). The 

internal consistency for the subtest induction was good with a  of  = .70 

 = .72. By examining the correlation between the two subtests, 

 is .75, which serves as an estimate of the general factor 

                                                 
4 When the assumption of tau-equivalence is not met a common occurrence in psychology omega proves to 
be more reliable than alpha (Dunn et al., 2014; Zinbarg et al., 2005). Since omega reduces the likelihood of 
either overestimating or underestimating reliability, it is considered the superior option. 



internal structure (Zinbarg et al., 2005). 75% of the common variance can be attributed to a 

single latent trait. 

Distribution of Rules Scores 

 The distribution of Rules scores is shown in Figure 3. We converted the original total 

scores (M = 20.11, SD = 4.51) into z-scores (M = 0, SD = 1), revealing a distribution that 

displayed a slight leftward skew, which confirms the intended focus on sensitivity towards the 

lower end of the ability scale.  

Figure 3 

Distribution of Standardized Rules z-scores 

To investigate any sex differences, we conducted an independent samples t-test with 

sex as grouping variable and total score of Rules as dependent variable. We found a small 

significant difference between boys (M = 20.98, SD = 4.49) and girls (M = 19.54, SD = 4.43); 

t(32643) = 28.47, p d = 0.32.  

At item level, we conducted DIF analyses. The deduction part of the Rules test 

contains 10 items that exhibit significant sex-related DIF (p < .01). Of these, nine are 

classified as A-items with a negligible effect, and one as a B-item (ded12) with a moderate 

effect. The B-item appears to be easier for girls (see Appendix B, Table B.1, Figure B.1). The 

induction part of the Rules test contains 11 items that exhibit significant sex-related DIF (p < 

.01). All items are classified as A-items with a negligible effect (see Appendix B, Table B.1, 

Figure B.2). 

We wanted to test if there is a difference on reasoning results depending on the SES of 

students. 

-0.89, t(32622) = -33.326, p < .001. The model explained 3% of the variance in Rules, 

adjusted R² = .03. There was a statistically significant difference between SES categories as 

determined by one-way ANOVA (F(4,32619) = 280.25, p < .001, 2 = .03). Games Howell 



post hoc tests revealed that Rules scores for students with high SES are significantly higher 

compared to students with low SES (p < .001). On average, students with high SES score 0.74 

points higher on Rules than students who mark one of the four SES variables (education 

mother, language, neighbourhood, scholarship), 1.77 points higher than students who mark 

two, 2.85 points higher than those who mark three, and 3.55 points higher than students who 

mark all SES variables (low SES).  

At item level, we conducted DIF analyses. Four deduction items show significant DIF 

related to SES (p < .01). All of these items were classified as A-items, indicating negligible 

effects (see Appendix B, Table B.2, Figure B.3). Two induction items show significant DIF 

related to SES (p < .01), but were classified as A-items (see Appendix B, Table B.2, Figure 

B.4). 

Adherence to CHC Model 

In Table 1, the correlations have been adjusted for reliability utilizing the standardized 

alpha specific to each scale (Bashaw & Anderson, 1967; Cureton, 1966; Revelle, 2024). 

Correlations without correcting for scale reliability can be found in Table 2. 

Table 1 

Correlations of Rules and Subtests Corrected for Item Overlap and Attenuation  

 1 2 3 

1. Deduction .63 .89 .97 

2. Induction .59 .71 .97 

3. Full Rules test .69 .73 .79 

Note. Corrected correlations below the diagonal, alpha on the diagonal, corrected correlation 

for attenuation above the diagonal. N = 32,585, p < .01. 

 

 



Table 2 

Raw Correlations of Rules and Subtests Corrected for Attenuation 

 1 2 3 

4. Deduction .63 .90 1.26 

5. Induction .60 .70 1.21 

6. Full Rules test .89 .90 .79 

Note. Raw correlations below the diagonal, alpha on the diagonal, corrected correlation for 

attenuation above the diagonal. N = 32,585, p < .01. 

Item Characteristics 

IRT analysis provided a test information curve for the 28 item Rules test. In Figure 4 is 

shown that especially the skills of those who score lower are well mapped out: 67.3% of the 

test information lies between -4 and 0. Difficulties ranged from -3.27 to 2.12, with a mean 

difficulty of -1.00 (see Table 3). Figure 5 shows the conditional reliability of Rules to indicate 

how precisely the test measures subgroups of persons or at various cut scores. Rules has more 

measurement errors within the subgroup characterized by high latent ability. 

Figure 4 

Test Information Function for the 28 Item Rules Non-Verbal Test  

Note. 67.3% of the test information lies between -4 and 0. N = 32,585. 

Figure 5 

Conditional Reliability for the 28 Item Rules Non-Verbal Test 

Note. Conditional reliability coefficients indicate the reliability for subgroups at various cut 

scores on a test. Rules shows more measurement errors in the high latent ability subgroup. N 

= 32,585. 

 

 



Confirmatory Factor Analysis 

We conducted a confirmatory factor analysis using a multidimensional item response 

theory (MIRT) model to explore the underlying structure of a 28-item reasoning test. Item 

responses were scored dichotomously as correct (1) or incorrect (0). We hypothesized that (1) 

the test measures two distinct dimensions of fluid reasoning ability: deductive reasoning and 

inductive reasoning, and (2) that these dimensions load on the higher-order g fluid. 

The MIRT model with correlated dimensions  demonstrated 

adequate fit to the data, with a Comparative Fit Index (CFI) of 0.99, Root Mean Square Error 

of Approximation (RMSEA) of 0.02, and Standardized Root Mean Square Residual (SRMSR) 

of 0.02, indicating marginally above the cutoff for acceptable model fit. The correlation 

between the deduction and induction item types was r = .89, 95% BI [.876, .895]. 

The MIRT model with correlated dimensions which loaded on a higher-order 

dimension 27.58, df = 28) demonstrated good fit to the data, with a Comparative Fit 

Index (CFI) of 0.99, Root Mean Square Error of Approximation (RMSEA) of 0.02, and 

Standardized Root Mean Square Residual (SRMSR) of 0.02, indicating a good model fit. 

Thus, the higher-order model provides the best fit to the data. Coefficients of the second order 

MIRT model are described in Table 3. All factor loadings can be found in Appendix B Table 

3 and 4. 

Table 3 

Coefficients of Second Order MIRT Model 

 a1 a2 a3 d b g u 

Ded1 0.74 0.74 0 1.39 -1.88 0.00 1 

Ded2 0.76 0.76 0 0.46 -0.61 0.10 1 

Ded3 0.80 0.80 0 0.29 -0.36 0.00 1 

Ded4 0.85 0.85 0 1.19 -1.40 0.00 1 



Ded5 0.96 0.96 0 3.01 -3.14 0.00 1 

Ded6 0.98 0.98 0 -2.08 2.12 0.06 1 

Ded7 1.02 1.02 0 -1.31 1.28 0.24 1 

Ded8 1.11 1.11 0 1.50 -1.35 0.07 1 

Ded9 1.11 1.11 0 0.13 -0.12 0.30 1 

Ded10 1.16 1.16 0 3.79 -3.27 0.05 1 

Ded11 1.23 1.23 0 3.02 -2.46 0.00 1 

Ded12 1.30 1.30 0 -0.59 0.45 0.37 1 

Ded13 1.32 1.32 0 0.34 -0.26 0.15 1 

Ded14 1.34 1.34 0 0.95 -0.71 0.14 1 

Ind1 0.76 0 0.76 2.10 -2.76 0.00 1 

Ind2 0.96 0 0.96 1.57 -1.64 0.01 1 

Ind3 1.01 0 1.01 1.95 -1.93 0.00 1 

Ind4 1.13 0 1.13 0.30 -0.27 0.13 1 

Ind5 1.14 0 1.14 0.49 -0.43 0.32 1 

Ind6 1.14 0 1.14 -0.59 0.52 0.12 1 

Ind7 1.14 0 1.14 1.88 -1.65 0.00 1 

Ind8 1.19 0 1.19 2.92 -2.45 0.00 1 

Ind9 1.22 0 1.22 2.60 -2.13 0.13 1 

Ind10 1.23 0 1.23 2.78 -2.26 0.00 1 

Ind11 1.30 0 1.30 -0.71 0.55 0.32 1 

Ind12 1.51 0 1.51 1.88 -1.25 0.00 1 

Ind13 1.53 0 1.53 1.33 -0.87 0.14 1 

Ind14 1.76 0 1.76 -0.26 0.15 0.25 1 

Note. Items starting with Ded are the deduction items, with Ind are the induction items. a1 = 

discrimination parameter for g; a2 = discrimination parameter for deduction; a3 = 

discrimination parameter for induction; d = intercept; b = difficulty parameter; g = guessing 

parameter; u = upper asymptote parameter. N = 32,585. 



Study 2: Construct Validity 

 To investigate the construct validity, we conducted a bivariate Pearson correlation 

 

Short Screener (see Table 4). The uncorrected correlation between the respective overall 

observed scores, Rules and Raven total score, was moderate in magnitude (r = .62, p < .01). 

When corrected for attenuation due to measurement error, the estimated correlation increased 

to r = .78. 

Table 4 

Zero-Order Correlations between Rules and RPM 

 1 2 3 4 

1. RPM (scaled) 1    

2. Rules: Deduction .54** 1   

3. Rules: Induction .57** .59** 1  

4. Full Rules test .62** .88** .91** 1 

Note. N = 235,  ** p < .01 

Study 3: Predictive Validity 

 We computed Pearson correlations between the scores obtained from Rules (sub)tests 

and various indicators of academic performance (see Table 5). The results indicated 

significant positive correlations between all measures of academic performance and both the 

individual subtests as well as the complete Rules test. 

 We conducted two hierarchical linear regression analyses to investigate the impact of 

Rules total score on a standardized mathematics test and an academic language proficiency 

test after controlling for socio-economic status (SES) and sex. Both models were statistically 

significant and accounted for a substantial proportion of the variance in the dependent 

variables. The results showed that the model with SES and sex was significant for 



mathematics (F(2, 31319) = 1664.60, p <.001, adj. R2 = .10) and for language (F(2, 30859) = 

549.81, p <.001, adj. R2 = .03). Both SES and sex were significantly associated with scores on 

a standardized mathematics and language test.  

 For mathematics, the model (F(3, 31318) = 6946.41,  p <.001, adj. R2 = .40), which 

included total Rules score (b = 0.57, t = 125.808, p < .001) showed significant improvement 

from the model with only SES and sex (1, 31318) = 15827.67, p < .001, 2 = .30.  

For language, the model (F(3, 30858) = 2237.11, p <.001, adj. R2 = .18), which 

included total Rules score (b = 0.39, t = 73.612, p < .001) showed significant improvement 

from the first model (1, 30858) = 5418.67, p < .001, 2 = .14. The detailed results of the 

full regression analyses are presented in Table 6. 

Table 5 

Zero-Order Correlations between Rules (Sub)Tests and Academic Performance 

Academic Performance Deduction Induction Full Rules 

Mathematics .53** .55** .61** 

Language .35** .39** .41** 

Note. N = 32,585 , ** p < .01 

 

 

 

 

 

 

 

 

 



Table 6 

Two Hierarchical Linear Regressions 

Academic Performance 

(dependent) 

Predictor B t p Unique R2 

Mathematics Sex (0 = male) -0.17 -37.415 <.001  

 SES (0 = high SES) -0.07 -16.663 <.001  

 Rules total 0.57 125.808 <.001 0.37 

Language Sex (0 = male) -0.04 -8.105 <.001  

 SES (0 = high SES) -0.08 -15.965 <.001  

 Rules total 0.39 73.612 <.001 0.17 

Note. Rules uniquely explains 37% of the variance in mathematics and 17% of the variance in 

language. Betas are standardized. N  = 32,585. 

Discussion 

Cognitive ability assessment plays a pivotal role in the decision-making process for 

higher education pathways. However, many existing intelligence tests are either prohibitively 

expensive or require considerable time to administer. To address this issues, we developed 

Rules, a free, quick and easy to administer non-verbal fluid reasoning test. Although Rules is 

originally designed to pinpoint those who are highly likely to lack the skills needed to succeed 

in the first year of higher education, its applicability extends beyond this group. Rules can be 

effectively used in broader educational settings, offering a versatile tool for identifying 

reasoning abilities across a wide range of cognitive levels and as a control variable in 

population research where basic intelligence needs to be verified or ruled out. It is important 

to note that we do not intend for this test to provide a comprehensive measure of intelligence 

(or 'g'), but rather to evaluate one crucial aspect of cognitive ability, just like the well-known 

. 



 The non-verbal reasoning scale Rules seems to be a promising public domain test to 

evaluate fluid intelligence and in particular deduction and induction. We conducted three 

studies: (1) we evaluated the internal consistency, the distribution and the structural validity 

of the test, (2) we examined the construct validity by cross-

Progressive Matrices, and (3) we investigated the predictive validity of Rules with a 

standardized mathematics and language proficiency test. 

 The two-subscale reasoning test displays adequate overall internal consistency with  

=.79 and  = .80, which is sufficient for population research (Evers et al., 2010). We 

serves as an estimate of the general factor saturation 

of the test. We recommend caution when using and interpreting the subtests independently, 

and always suggest testing reliability before use. 

 The distribution of scores on Rules showed a slightly leftward skew, likely due to range 

restriction on the high end of performance in the sample, a ceiling effect (see Cronbach, 1990, 

pp. 210-212). This skewness is by design, as the reasoning test was developed as part of a 

broader low-stakes study exploration tool aimed to identify students who may lack the 

necessary skills, but still are considering higher education. The primary goal of this tool was 

to provide information about entering higher education, rather than to identify individuals 

who excel in reasoning tasks. As such, the results are working as intended and are sufficient 

for population research, particularly in the context of educational orientation, but they are not 

suitable for selection purposes that require identification of the best performing individual. 

 We investigated sex differences on the non-verbal test Rules overall and we found a 

small advantage for boys with a small effect size of d = 0.32. At item level, DIF 

analyses indicated that several items showed differential item functioning related to sex. 

However, the effects were negligible, except for one item (ded12), which displayed a 

moderate effect in favor of girls. In light of our findings that boys slightly outperform girls in 



the non-verbal reasoning test, it is pertinent to note that this aligns with existing literature on 

gender differences in cognitive abilities (Colom & Garcia-Lopez, 2002; Abad et al., 2004). 

Barel and Tzischinsky (2018) highlight that men tend to excel in manipulating visual-spatial 

images in working memory, which is a crucial skill for tasks involving deduction and 

induction, the two subtests of our test. Furthermore, while Colom and Garcia-Lopez (2002) 

found no systematic difference in fluid intelligence between sexes, they did report that boys 

generally perform better on the Raven test, a well-known measure of non-verbal reasoning. 

These findings collectively support the notion that boys might have a slight advantage in our 

non-verbal reasoning test.  

 Regarding socio-economic status a very small effect of 2 = .03 was found where 

students with high SES scored significantly higher compared to students with low SES. At 

item level, DIF analyses indicated that several items showed differential item functioning 

related to SES. However, the effects were negligible. Our findings align with Rindermann et 

al. (2010), who suggest that while parental SES and education have a stronger influence on 

crystallized intelligence, they still exert some influence on fluid intelligence. The slight 

advantage observed in high SES students on the non-verbal reasoning test can be attributed to 

these environmental influences. However, the small effect size in our study is encouraging for 

the test validity, indicating that the test is largely independent of socioeconomic factors and 

primarily measures inherent non-verbal reasoning ability. 

 Concerning the structural properties of our 28-item non-verbal measure of fluid 

reasoning, the correlation matrix and confirmatory Multidimensional Item Response Theory 

(MIRT) models indicated the presence of a positive manifold in our data, demonstrating that 

both subtests, deduction and induction, contribute distinctly to assessing fluid intelligence. 

These findings support the CHC theory. IRT analysis revealed that especially the skills of 

those who score lower are well mapped out: 67.3% of the test information lies between -4 and 



0. We conducted a confirmatory factor analysis using a multidimensional item response 

theory (MIRT) model to explore the underlying structure of Rules. The MIRT model with 

correlated dimensions which loaded on a higher-order dimension demonstrated good fit to the 

data. 

 

online, by cross-

sample of 235 last-year secondary school students. We found a bivariate correlation of .62, 

further supporting the presence of a positive manifold. The magnitude or extent of the 

relationship observed in the current study is in line with prior cross-validation research with 

Raven (McLeod & McCrimmon, 2021). However, it is important to note that Rules does not 

aspire to measure IQ in the same manner as the RPM scales. Instead, Rules aims to be a 

concise, public domain measure of cognitive ability aligning with the overarching goals of the 

Columbus project (Demulder et al., 2020) or as a control variable for research purposes.  

  Our third and last study focused on predictive validity of Rules. We found that fluid 

intelligence, as measured by Rules, could uniquely explain 37% of the variance in a 

standardized mathematics test and 17% in an academic language proficiency test. 

Additionally, it is important to note that we accounted for sex and SES, enhancing the 

robustness of our results. Moreover, the correlations observed in our study are comparable in 

magnitude to those reported by Peng and colleagues (2019) in their research on mathematics 

and reading. 

 This study offers several concrete contributions to the field of intelligence research. 

First, it introduces a freely accessible, nonverbal reasoning instrument, responding to the 

recognized need for open-

Matrices. Second, the test development was guided by theoretical and empirical insights from 

the literature, including attention to gender-related item functioning a psychometric concern 



often neglected in legacy instruments. Third, by offering a brief and easily administrable tool, 

our study facilitates the integration of intelligence as a control or explanatory construct in 

large-scale, population-based research. In such contexts, access to an efficient and 

psychometrically sound reasoning test allows researchers to better isolate or confirm 

intelligence-related effects, thereby strengthening the construct validity of their findings. 

These contributions position our work not only within the practical realm of educational 

screening, but also within the theoretical and methodological core of intelligence research. 

Limitations and Future Research 

 While Rules offers a promising, accessible tool for evaluating non-verbal fluid 

reasoning, several limitations must be acknowledged. A key limitation of Rules is the risk of 

item exposure through web searches, which could affect long-term validity. However, the 

abstract nature of the items reduces memorization risks, making exposure less problematic for 

applied use. Additionally, automatic item-generation techniques (Arendasy et al., 2006; 

Condon & Revelle, 2014; Dennis et al., 2002) could mitigate these concerns by creating large 

item pools with controlled difficulty. Future research should explore integrating such methods 

into public-domain assessments. Implementing ethical guidelines, such as warnings for 

nonprofessionals and providing sample items to discourage unauthorized distribution 

(Goldberg et al., 2006), can help maintain integrity. Further research should assess the actual 

impact of item exposure on validity and explore security measures suited to different testing 

environments. 

A further consideration is the limited difficulty range of Rules. The test was designed 

to identify students who may struggle with the cognitive demands of higher education, not to 

assess the full range of non-verbal intelligence. Consistent with this goal, item response 

theory analyses showed that the test provides the most information for below-average scorers, 

with 67.3% of test information located between -4 and 0 on the latent ability scale. This 



limitation is by design: Rules is not intended to assess the full range of cognitive ability or to 

function as a general-purpose intelligence test. Rather, it was developed as a screening tool to 

identify students who may lack the cognitive prerequisites for success in higher education, 

especially in an open access study environment, with low tuition fees and no performance 

requirements. As such, its utility lies in supporting educational transitions rather than high-

stakes selection or identifying high-ability individuals. While this application narrows its 

scope, it provides practical value in informing targeted interventions and resource allocation. 

Future research should consider developing complementary items or test versions targeting 

higher ability levels, potentially expanding its utility for broader populations. However, 

reliability and validity depend not only on the instrument itself but also on the specific 

population being assessed. Therefore, further research is necessary to determine whether these 

subtests might yield more reliable results in different populations. 

Finally, as Rules continues to be used in applied and research settings, future research 

should explore the longitudinal predictive validity of Rules, particularly regarding academic 

persistence and performance beyond the first year of higher education. Further validation 

generalizability. In parallel, continued psychometric development, such as adaptive testing 

formats or item bank expansion, may enhance the scalability and robustness of the instrument. 

Despite these limitations, the current study offers a significant methodological 

contribution to the field of intelligence assessment by introducing and validating a concise, 

public-domain measure of non-verbal reasoning. By addressing accessibility, reliability, and 

practicality, Rules adds valuable diversity to the existing landscape of cognitive ability tests. 

Conclusion 

 This research validated Rules, a free, short, and accessible non-verbal fluid reasoning 

test developed to identify students who may face challenges with the cognitive demands of 



higher education. Across three studies, Rules demonstrated satisfactory internal consistency, 

strong structural and construct validity, and meaningful predictive validity for academic 

performance. Although Rules does not aim to measure general intelligence comprehensively, 

it effectively assesses key aspects of fluid reasoning, thereby offering a practical instrument 

for educational orientation and research contexts. 

 The present findings contribute to the literature by providing a psychometrically sound, 

public-domain alternative to traditional, often costly and time-consuming intelligence 

assessments. Nonetheless, certain limitations should be acknowledged, including the 

restricted difficulty range and potential risks associated with item exposure. Future research 

should investigate the development of adaptive testing formats, the extension to broader 

ability ranges, and the longitudinal predictive validity of Rules across diverse educational 

contexts. 

 Overall, Rules represents a valuable addition to the field of cognitive assessment, 

promoting more accessible, scalable, and equitable evaluation practices. 
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Appendix B 

Table B.1 

Differential Item Functioning Statistics for Sex 

 Mantel-Haenszel Chi-square 

statistic 

P-value alphaMH deltaMH Effect 

size 

Ded1 32.30*** 0.00 1.19 -0.41 A 

Ded2 30.47*** 0.00 0.86 0.35 A 

Ded3 0.13 0.71 0.99 0.02 A 

Ded4 6.49* 0.01 0.93 0.18 A 

Ded5 87.13*** 0.00 0.64 1.04 B 

Ded6 132.69*** 0.00 1.43 -0.84 A 

Ded7 0.10 0.76 0.99 0.02 A 

Ded8 1.33 0.25 0.96 0.09 A 

Ded9 7.09** 0.01 1.08 -0.17 A 

Ded10 8.05** 0.00 1.21 -0.46 A 

Ded11 14.19*** 0.00 0.84 0.41 A 

Ded12 19.60*** 0.00 0.89 0.28 A 

Ded13 9.32** 0.00 1.09 -0.20 A 

Ded14 0.16 0.68 0.99 0.03 A 

Ind1 74.97*** 0.00 0.73 0.74 A 

Ind2 74.29*** 0.00 0.76 0.64 A 

Ind3 9.28** 0.00 0.90 0.25 A 

Ind4 37.59*** 0.00 1.18 -0.40 A 

Ind5 22.47*** 0.00 1.15 -0.33 A 

Ind6 11.12*** 0.00 1.09 -0.21 A 

Ind7 0.08 0.78 0.99 0.02 A 

Ind8 33.64*** 0.00 0.77 0.61 A 

Ind9 4.76* 0.03 1.10 -0.22 A 

Ind10 0.01 0.93 1.01 -0.01 A 

Ind11 10.32** 0.00 1.09 -0.20 A 

Ind12 11.99*** 0.00 0.89 0.28 A 

Ind13 2.53 0.11 1.05 -0.12 A 

Ind14 6.53* 0.01 1.07 -0.17 A 

Note. The absolute value of deltaMH serves as an effect size indicator for DIF, with classification following the ETS criteria: 

 *** p <.0001, ** p < 0.001, * p < 0.05, N  = 32,585 



Figure B.1 

Deduction Differential Item Functioning Statistics for Sex 

 

Note. N  = 32,585. 

Figure B.2 

Induction Differential Item Functioning Statistics for Sex 

 

Note. N  = 32,585. 

 

 

 



Table B.2 

Differential Item Functioning Statistics for SES 

 Mantel-Haenszel Chi-square 

statistic 

P-value alphaMH deltaMH Effect 

size 

Ded1 0.21 0.65 0.99 0.03 A 

Ded2 1.39 0.24 1.03 -0.07 A 

Ded3 0.21 0.65 0.99 0.03 A 

Ded4 0.89 0.35 0.97 0.06 A 

Ded5 0.91 0.34 0.96 0.11 A 

Ded6 0.04 0.84 1.01 -0.02 A 

Ded7 11.72*** 0.00 0.92 0.20 A 

Ded8 0.00 0.95 1.00 -0.01 A 

Ded9 5.39* 0.02 0.94 0.15 A 

Ded10 0.42 0.52 0.96 0.10 A 

Ded11 7.97** 0.00 1.14 -0.30 A 

Ded12 4.26* 0.04 1.06 -0.13 A 

Ded13 3.25 0.07 1.05 -0.12 A 

Ded14 3.00 0.08 1.05 -0.12 A 

Ind1 2.84 0.09 0.94 0.14 A 

Ind2 2.30 0.13 0.95 0.11 A 

Ind3 0.04 0.84 1.01 -0.02 A 

Ind4 4.50* 0.03 0.94 0.14 A 

Ind5 1.68 0.20 1.04 -0.09 A 

Ind6 0.12 0.73 0.99 0.02 A 

Ind7 1.05 0.30 1.04 -0.08 A 

Ind8 0.03 0.87 0.99 0.02 A 

Ind9 0.66 0.42 1.04 -0.08 A 

Ind10 13.87*** 0.00 1.17 -0.37 A 

Ind11 0.00 0.95 1.00 0.00 A 

Ind12 0.82 0.37 0.97 0.07 A 

Ind13 0.68 0.41 1.03 -0.06 A 

Ind14 0.01 0.92 1.00 -0.00 A 

Note. The absolute value of deltaMH serves as an effect size indicator for DIF, with classification following the 

 *** p <.0001, ** p < 0.001, * p < 0.05, N  = 

32,585. 



Figure B.3 

Deduction Differential Item Functioning Statistics for SES 

 

Note. N  = 32,585. 

Figure B.4 

Induction Differential Item Functioning Statistics for SES 

 

Note. N  = 32,585.  

 

 

 



Table B.3 

Factor Loadings MIRT Correlated Variables 

 F1 F2 h2 

Ded1 0.419 0 0.175 

Ded2 0.427 0 0.183 

Ded3 0.451 0 0.203 

Ded4 0.469 0 0.220 

Ded5 0.514 0 0.264 

Ded6 0.522 0 0.272 

Ded7 0.535 0 0.286 

Ded8 0.565 0 0.319 

Ded9 0.569 0 0.324 

Ded10 0.589 0 0.347 

Ded11 0.609 0 0.371 

Ded12 0.631 0 0.398 

Ded13 0.636 0 0.405 

Ded14 0.642 0 0.412 

Ind1 0 0.428 0.183 

Ind2 0 0.520 0.270 

Ind3 0 0.535 0.286 

Ind4 0 0.577 0.333 

Ind5 0 0.580 0.337 

Ind6 0 0.583 0.340 

Ind7 0 0.583 0.340 

Ind8 0 0.599 0.359 

Ind9 0 0.603 0.364 

Ind10 0 0.611 0.373 



Ind11 0 0.631 0.398 

Ind12 0 0.688 0.474 

Ind13 0 0.692 0.478 

Ind14 0 0.741 0.549 

Note. Correlation between F1 and F2 is r = .885. N  = 32,585. 

 

Table B.4 

Factor Loadings MIRT Second Order Model 

 g S1 S2 h2 

Ded1 0.369 0.129 0 0.153 

Ded2 0.377 0.132 0 0.160 

Ded3 0.391 0.137 0 0.172 

Ded4 0.408 0.143 0 0.187 

Ded5 0.441 0.154 0 0.218 

Ded6 0.447 0.156 0 0.224 

Ded7 0.456 0.159 0 0.234 

Ded8 0.480 0.168 0 0.259 

Ded9 0.480 0.168 0 0.258 

Ded10 0.491 0.172 0 0.270 

Ded11 0.505 0.177 0 0.286 

Ded12 0.520 0.182 0 0.303 

Ded13 0.523 0.183 0 0.307 

Ded14 0.527 0.184 0 0.312 

Ind1 0.376 0 0.136 0.160 

Ind2 0.441 0 0.159 0.220 

Ind3 0.454 0 0.164 0.233 

Ind4 0.484 0 0.174 0.265 



Ind5 0.487 0 0.175 0.267 

Ind6 0.487 0 0.176 0.268 

Ind7 0.488 0 0.176 0.269 

Ind8 0.498 0 0.180 0.281 

Ind9 0.503 0 0.181 0.286 

Ind10 0.506 0 0.182 0.289 

Ind11 0.519 0 0.187 0.304 

Ind12 0.553 0 0.199 0.345 

Ind13 0.556 0 0.200 0.349 

Ind14 0.584 0 0.210 0.385 

Note. N  = 32,585. 

 



Figure 1 

Example of Deduction Item 

 



Figure 2 

Example of Induction Item 

 



Figure 3

Distribution of Standardized Rules z-scores



Figure 4 

Test Information Function for the 28 Item Rules Non-Verbal Test 

 

Note. 67.3% of the test information lies between -4 and 0. N = 32,585. 

 



Figure 5 

Conditional Reliability for the 28 Item Rules Non-Verbal Test 

 

Note. Conditional reliability coefficients indicate the reliability for subgroups at various cut 

scores on a test. Rules shows more measurement errors in the high latent ability subgroup. N 

= 32,585. 
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