LJMU Research Online

McLoughlin, S, Tyndall, I, Pereira, A and Mulhern, T
Non-verbal IQ Gains from Relational Operant Training Explain Variance in
Educational Attainment: An Active-Controlled Feasibility Study
http://researchonline.ljmu.ac.uk/id/eprint/13458/

Article

Citation (please note it is advisable to refer to the publisher’s version if you
intend to cite from this work)
McLoughlin, S, Tyndall, I, Pereira, A and Mulhern, T (2020) Non-verbal IQ
Gains from Relational Operant Training Explain Variance in Educational
Attainment: An Active-Controlled Feasibility Study. Journal of Cognitive
Enhancement. ISSN 2509-3290
LJMU has developed LJMU Research Online for users to access the research output of the
University more effectively. Copyright © and Moral Rights for the papers on this site are retained by
the individual authors and/or other copyright owners. Users may download and/or print one copy of
any article(s) in LJMU Research Online to facilitate their private study or for non-commercial research.
You may not engage in further distribution of the material or use it for any profit-making activities or
any commercial gain.

The version presented here may differ from the published version or from the version of the record.
Please see the repository URL above for details on accessing the published version and note that
access may require a subscription.

For more information please contact researchonline@ljmu.ac.uk

http://researchonline.ljmu.ac.uk/

Journal of Cognitive Enhancement
https://doi.org/10.1007/s41465-020-00187-z

ORIGINAL RESEARCH

Non-verbal IQ Gains from Relational Operant Training Explain
Variance in Educational Attainment: An Active-Controlled Feasibility
Study
Shane McLoughlin 1

&

Ian Tyndall 2 & Antonina Pereira 2 & Teresa Mulhern 3

Received: 12 March 2020 / Accepted: 24 July 2020
# The Author(s) 2020

Abstract
Research suggests that training relational operant patterns of behavior can lead to increases in general cognitive ability and
educational outcomes. Most studies to date have been under-powered and included proxy measures of educational attainment.
We attempted to extend previous findings with increased experimental control in younger children (aged 6.9–10.1 years).
Participants (N = 49) were assigned to either a relational training or chess control group. Over 5 months, teachers assigned class
time to complete either relational training or play chess. Those who were assigned relational training gained 8.9 non-verbal IQ
(NVIQ) points, while those in the control condition recorded no gains (dppc2 = .99). Regression analyses revealed that posttraining NVIQ predicted reading test scores (conducted approximately 1 month later) over and above baseline NVIQ in the
experimental condition only, consistent with what we might expect in a full test of far transfer towards educational outcomes.
Keywords SMART training . Relational frame theory . Personality . School examinations . Cognitive ability . Cognitive training

Within any given peer group, it is possible to rank individuals
intellectually based on their answers to an arbitrary set of
questions that require symbolic manipulation to answer correctly. Curiously, their relative peer ranking will tend to be the
same across a brand new set of such questions. This score is
typically known as an intelligence quotient (IQ), and it, in
turn, predicts scores across other tests (Conway & Kovacs,
2015; Van Der Maas et al., 2006). IQ also predicts success
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regarding other informal tests including educational achievement, occupational progression, healthy habits, and social success (Strenze, 2007). There are some who argue that the general predictive validity of IQ is perhaps one of the most mainstream and robust findings in psychology (Gottfredson &
Deary, 2004; Haier, 2016; Ritchie, 2015).
The critical test of whether one has enhanced IQ (cf. Jensen,
1989) is that improvements on the tasks used to train IQ will
show near transfer (e.g., to other intellectual tests) and far transfer (e.g., to educational outcomes). Psychologists have generally struggled to train IQ such that it impacts cross-domain outcomes, such as educational attainment. This is compounded by
the fact that contemporary intelligence research often focuses
on the link between genes and intelligence or proxy measures
of intelligence such as attainment (Davies et al., 2018; Hill
et al., 2018a; Hill et al., 2018b; Plomin & Von Stumm, 2018;
Savage et al., 2018; Smith-Woolley et al., 2018; Zabaneh et al.,
2017). Some researchers even believe educators are powerless
in terms of improving children’s educational outcomes (e.g.,
Detterman, 2017). Smith-Woolley et al. (2018) recently noted
that differences in state General Certificate of Secondary
Education (GCSE) examination performance across the UK
public non-selective, public selective, and private schools mirror the genetic differences between them, suggesting that socioeconomic status and social mobility are a reflection of
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differences in genetic dispositions (cf. also Abdellaoui et al.,
2018). While this research endeavor is useful for understanding
the biological basis of human cognition, it has, so far, not
yielded much insight into how to improve it. This mainstream
consensus within the neuroscience/behavioral genetics wings
of intelligence research (Haier, 2016) may be disheartening
for educators.
Cognitive interventions for improving intelligence have
typically attempted to train working memory in recent years
(e.g., Buschkuehl, Hernandez-Garcia, Jaeggi, Bernard, &
Jonides, 2014; Jaeggi, Buschkuehl, Jonides, & Shah, 2011;
Jaeggi, Buschkuehl, Shah, & Jonides, 2014; Jones, Peterson,
Blacker, & Berryhill, 2017; Soveri, Karlsson, Waris,
Grönholm-Nyman, & Laine, 2017; von Bastian, Langer,
Jäncke, & Oberauer, 2013). A meta-analysis conducted by
Au et al. (2015) reported that the most notable attempt at
raising intelligence with working memory training (N-Back
training) yielded a 2–3 point mean rise in IQ across several
studies (Au et al., 2015), and even this small increase is disputed (Sala & Gobet, 2017d). Moreover, putative reports of
near and far transfer of working memory training have typically failed to replicate under stringent conditions (e.g., Chooi
& Thompson, 2012; Colom & Román, 2018; Colom et al.,
2013; Fissler et al., 2017; Hilbert et al., 2017; Melby-Lervåg
& Hulme, 2013, 2016; Melby-Lervåg, Redick, & Hulme,
2016; Schwaighofer, Fischer, & Bühner, 2015; Shipstead,
Redick, & Engle, 2012; Stephenson & Halpern, 2013;
Thompson et al., 2013). In a similar fashion, chess (Sala &
Gobet, 2017a), video games (Sala et al., 2018; Simons et al.,
2016), music (Sala & Gobet, 2017c), and compensatory education (McKey, 1985) are all strategies that have failed to raise
general cognitive ability, leading many to the general conclusion that “brain training doesn’t work” (Kassai et al., 2019;
Sala & Gobet, 2019). However, one might argue that most of
these approaches are quite theoretically imprecise and perhaps
unlikely to work in the first place, highlighting the need for a
cogent theory of language and cognition when conceptualizing cognitive training interventions.
From a behavior-analytic point of view, latent traits such as IQ
are low resolution in that they do not specify the processes
through which we adapt to the environment (see Schlinger,
2003). Instead, the shared variance across multiple cognitive
tests (hereinafter, g or IQ if also corrected for age) is simply a
useful statistical summary of multiple undelineated processes
through which we adapt to our environments. Therefore, training
more basic and defined patterns of generally adaptive behavior
may be a useful way of training the discrete patterns of cognition
typically summarized as g. Behavior analysts call these patterns
“operants” or ways of operating upon our environments.
One particular behavior-analytic theory, relational frame theory (RFT; Hayes, Barnes-Holmes, & Roche, 2001), conceptualizes language and cognition as operant behavior, specifically
the capacity for arbitrarily applicable relational responding

(AARR or “relational framing behavior”). AARR is the behavior of responding to one stimulus in terms of another based on
their symbolic properties. For example, “here” only exists relative to “there,” “before” relative to “after,” “same” relative to
“different,” and so on. Some more straightforward relations are
symmetrical. For example, if A = B, then B also = A, or if A is
opposite to B, then B is opposite to A. More complex relations
are asymmetrical. For example, if A > B, then we do not say
that B > A; we need to say that B < A. This linguistic practice is
a useful social convention that can be learnt. The key feature of
AARR is in deriving novel, untrained relations, as this helps to
account for the complexity and generativity associated with
human language and cognition. For example, given that A >
B and B > C, people can derive the reverse relations (B < A and
C < B) and also relations between A and C, which were never
previously paired (i.e., A > C and C < A). AARR becomes
psychologically relevant when a member of the network is
salient. For example, imagine that A means “a dollar,” which
you know from your direct experience is valuable. If I then tell
you that a dollar (A) < an unknown currency (B), you will treat
B as being of greater value having never directly encountered B
and its associated functions. We can test this by offering you a
choice between having either a dollar or a B.
Operant skills are “go-to” patterns of behavior that get
amended based on whether they achieve their intended functions in particular situations. Therefore, they can also be
trained by manipulating the environment (see Kishita,
Ohtsuki, and Stewart (2013); McLoughlin and Stewart
(2017); Moran, Walsh, Stewart, McElwee, and Ming
(2015)). Not only can relational operants be trained, but they
are strongly associated with IQ (Colbert et al., 2017), and this
is congruent with converging consensus from the fields of
neuroscience (Davis et al., 2017), linguistics (Everaert et al.,
2015; Goldwater, 2017), evolutionary biology (Wilson &
Hayes, 2018), and cognitive psychology (Alexander, 2019;
Goldwater, Don, Krusche, & Livesey, 2018; Goldwater &
Schalk, 2016; Halford, Wilson, & Phillips, 2010; Kaufman,
DeYoung, Gray, Brown, & Mackintosh, 2009) that relational
reasoning is central to cognition.
“Strengthening Mental Abilities with Relational Training”
(SMART) is a commercial online program that trains relational framing operants (i.e., same/different and more/less relations) via multiple exemplar training in a gamified format.
To date, several studies have suggested that training relational
framing in this format leads to rises in IQ (Amd & Roche,
2018; Cassidy, Roche, Colbert, Stewart, & Grey, 2016;
Cassidy, Roche, & Hayes, 2011; Colbert, Tyndall, Roche, &
Cassidy, 2018; McLoughlin, Tyndall, & Pereira, 2018; Parra
& Ruiz, 2016; Thirus, Starbrink, & Jansson, 2016; VizcaínoTorres et al., 2015) and there are putative indications of improvements in educational outcomes (Cassidy et al., 2016; J.
Hayes & Stewart, 2016). Several studies with RFT-based interventions have also reported to enhance performance on
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specific tests such analogical responding (Ruiz & Luciano,
2011), hierarchical responding (Mulhern et al., 2017, 2018),
and statistical learning (Sandoz & Hebert, 2017). These studies are typically too small to be generalizable to the broader
population. However, these studies show preliminary evidence for the utility of relational skills training and that operant abilities are skills through which we adapt to our environments (see also O’Hora et al. (2008); O’Hora, Pelaez, and
Barnes-Holmes (2005); O’Toole, Barnes-Holmes, Murphy,
O’Connor, and Barnes-Holmes (2009); also see Cassidy,
Roche, and O’Hora (2010), for a discussion of how relational
skills are related to IQ test items).
Hayes and Stewart (2016) attempted to test the differential
effects of relational training (n = 14) and an active control condition (computer programming, which requires high cognitive engagement; n = 14) for improving performance on memory, literacy, and numeracy in children aged 10–11 years. Those who
completed relational training improved their scores on various
educationally relevant IQ subtests, including spelling, reading,
and numerical operations. This study was novel in that it
employed the Drumcondra Primary Reading Test (DPRT) and
Drumcondra Primary Mathematics Test (DPMT) as outcome
variables. These are standardized tests of the Irish National
Curriculum, thus allowing the researchers to test for improved
school performance while controlling for relevant learning opportunities. These tests are also independently assessed such that
the effects of teacher biases are reduced. In their study, Hayes and
Stewart (2016) recorded correlations between AARR ability and
(i) DPRT performance (r = .59) and (ii) DPMT performance
(r = .69). Additionally, those who completed relational training
had significantly higher DPMT scores, with large effect sizes.
This remains the only active-controlled RCT testing the far transfer of relational training effects to date and the only such study to
employ a curriculum-appropriate independently designed test of
educational achievement as the outcome variable. We sought to
conceptually replicate and extend this research in the present
study, but with a larger sample.
Of particular relevance to the present study, Amd and Roche
(2018) provided relational training to a single sample of 35 socially disadvantaged children in Bangladesh and observed rises
in Fluid Intelligence as measured using a standard matrix reasoning test. In typical SMART studies in which large rises in Fluid
Intelligence are recorded, participants complete 55 relational
training stages. In Amd and Roche (2018), training completion
varied. Those who completed greater than 13 stages of relational
training demonstrated significantly higher rises in Fluid
Intelligence (+ 5 fluid IQ points) than those who completed 7
stages or less (+ 1 point). This study suggests that participants can
benefit from relational training quite early on. However, it is not
clear whether this depends on their baseline cognitive ability. We
sought to explore this further in the present study.
Previous research has found that relational training significantly enhances the full-scale IQ of children as young as 10 or

11 years of age (Cassidy et al., 2011; Hayes & Stewart, 2016). It
is not yet clear what are the earliest ages at which it might be
deemed to be feasible or appropriate to engage in relational training (e.g., SMART program) in order to observe cognitive enhancements typically reported with older children and adolescents (e.g., Cassidy et al., 2016; Colbert et al., 2018). Derived
relational responding (or AARR) has been reported in an infant
as young as 27 months (Lipkens et al., 1993) and in preschool
children (Smeets et al., 2001), so it is known that very young
children can demonstrate stimulus equivalence or relations of
sameness. It is less clear how young children fare in experimental
preparations designed to train more complex relations such as
more than and less than. Furthermore, RFT-based interventions
such as the SMART program are labor and time intensive, and
we are not yet sure whether younger children would have the
capacity, motivation, or will to consistently engage with a relational training intervention over a period of months, even in a
gamified format. Thus, two of the key questions the present study
aims to examine are whether children as young as 6 or 7 years
old will demonstrate the capacity to engage with and benefit from
more complex relational training (i.e., more than/less than) and
whether they would evidence the motivation to persist with the
training program over a prolonged period of time.
Besides IQ, there are also some non-cognitive factors (e.g.,
Studer-Luethi et al., 2012) that predict cognitive training success
and educational attainment. For example, with respect to factor
theories of personality, conscientiousness, the proclivity for order
and hard work, is positively associated, while neuroticism, or
susceptibility towards negative emotion, is broadly negatively
associated with educational attainment. Additionally, with limited time for assessment, including measures of both personality
and intelligence can help to parsimoniously account for a range
of other non-cognitive factors thought to affect educational outcomes: e.g., (i) agreeableness, sex, and cognitive ability explain
65% of the variance in “emotional intelligence” (Schulte et al.,
2004); (ii) “grit” does not predict school outcomes after controlling for conscientiousness (Ivcevic & Brackett, 2014); (iii) “emotional regulation strategies” are poorer predictors of depression
than neuroticism, but they share common variance (Andrés et al.,
2016); (iv) the relationship between cognitive “self-appraisal”
and “test anxiety” is fully accounted for by personality
(Chamorro-Premuzic et al., 2008); and (v) the inclusion of the
big five personality factors reduces the variance explained by
learning styles in GPA from 10 to only 3% (Komarraju et al.,
2011). While IQ is a stronger predictor of educational attainment
than personality factors (Bergold & Steinmayr, 2018), it is still
important to account for non-cognitive factors (West et al.,
2016). Personality tests measure relatively stable patterns of behavior that have broader scope than other non-cognitive factors
that appear to impact educational outcomes. The brevity and
generality of the items means that these data can be obtained
with lower response burden on participants compared with other
factors. In this study, we tested the effects of a behavioral training
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system on non-verbal IQ (NVIQ; i.e., standardized responses on
the non-verbal sub-scale of the Kaufman Brief IQ Test, Second
Edition) and educational attainment while accounting for the
effects of personality. The only a priori prediction we had about
how personality would affect our study outcomes was that neuroticism would be negatively related to training completion; all
other analyses involving personality were exploratory.
There remains a dearth of tests of the utility of the relational
training programs with large samples and active control conditions, with tests of far transfer of training effects (especially real
educational outcomes). The biggest studies to date are Cassidy
et al. (2016; N = 30) and Hayes and Stewart (2016; N = 28).
Additionally, Hayes and Stewart (2016) is the only study to
employ a strong active control condition and include a real educational outcome measure. The overarching aims of this study
were to provide a larger, independent, active-controlled test of (i)
the effects of SMART training on the ability to learn (i.e., NVIQ)
and (ii) whether any gains in NVIQ would explain variance in
educational outcomes (i.e., the DPRT and DPMT), in a younger
sample than has been tested heretofore. We chose to measure
NVIQ instead of a verbal measure (e.g., vocabulary) as we were
interested in measuring and training the ability to learn and cognitively manipulate information (NVIQ) rather than the sum total
of what someone has learnt, which is dependent on both the
ability to learn + exposure to learning opportunities. We chose
chess as the control condition as chess has previously been used
for cognitive training (cf. Sala & Gobet, 2017a). We hypothesized that training effects would transfer towards examinations
that depended on participants’ performance on the day (e.g.,
reading comprehension) and less so for those that depend more
heavily on participants having successfully availed of prior learning opportunities (e.g., mathematics). Additionally, as a “catchall” indicator of non-cognitive traits, we included a measure of
personality to explore their role in relational frame training completion and performance.

Method
Participants
We recruited from three cohorts of pupils in a rural Irish primary school, aged 6.7–10.1 years (M = 8.67, SD = .91) and then
assigned them to one of two conditions (see Design for details).
To ensure equal opportunity to participate, those who were
allocated to the control condition were given access to the training after the study. No participants were purposefully excluded.
To be included in this study, participants needed to be students
at the school in question, participating in the standard curriculum. We began with 55 participants; however, due to attrition
(one child moved schools and four were absent for testing), we
analyzed data from 49 participants in our final analysis of the
effects of SMART training on NVIQ, leaving us with an 89%

retention rate. Thirty were in the experimental condition
(SMART training; 20 girls), and 19 were in the control condition (chess; 13 girls). Participants were treated in accordance
with the British Psychological Society Code of Human
Research Ethics and were allowed to withdraw at any point.

Materials
We chose NVIQ, DPRT, and DPMT as our three main outcome variables, as they all differed substantially from the experimental and control condition training tasks. Additionally,
any improvements in performance on NVIQ are not dependent on the learning opportunities participants receive in the
curriculum; this was a performance-based measure. For the
most part, the DPRT and DPMT test the degree to which
pupils avail of learning opportunities presented by the teacher,
whose job is to teach these tests; these are largely knowledgebased measures. However, the reading comprehension subtest
of the DRPT involves making sense of previously unseen
material and is arguably better characterized as a performance
outcome measure.
Kaufman Brief Intelligence Test-2 (Kaufman & Kaufman,
2004) We measured NVIQ using the non-verbal sub-scale of
the KBIT-2. This is a 46-item standardized test of abstract
matrix reasoning ability that is suitable for ages 4–90 years.
During each trial, a series of abstract geometric/colored shapes
were required to complete a sequence of patterns by selecting
the correct image from an array of possible alternatives.
Drumcondra Tests The Drumcondra tests are standardized
tests of educational attainment in relation to the Irish
National Curriculum for primary schools (see Hayes and
Stewart (2016)). These tests were group administered during
school time by school staff.
Drumcondra Primary Reading Test—Revised There are three
main sub-scales of this reading test: (i) vocabulary, (ii) reading
comprehension, and (iii) word analogies. We also recorded
total reading scores across the vocabulary and comprehension
subtests. All questions were in multiple-choice format. For
each scale, there were four different indices of performance:
(i) raw scores, (ii) standard scores (i.e., scores relative to others
the same age), (iii) Sten scores (a ranked score from 1 to 10 in
which “5” represents the mean), and (iv) percentile ranks.
According to the Educational Research Centre (2007), using
the Kuder-Richardson Formula (KR20), the DPRT has an
internal consistency of .93.
Drumcondra Primary Mathematics Test—Revised This test is
based on the 1999 Primary School Mathematics Curriculum.
About half of the questions were in multiple-choice format,
while the rest involved written work such as short-answer
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questions or drawing diagrams. Similar to the DPRT, there
were four different indices of performance: (i) raw scores,
(ii) standard scores, (iii) Sten scores, and (iv) percentile ranks.
According to the Educational Research Centre (2006), the
KR20 coefficient for the DPRT is .93.
Big Five Scale for Children (Gaio, 2012) We measured personality factors using the BFC. The BFC is a 65-item self-report
scale that assesses five different dimensions of children’s noncognitive behavioral preferences/temperaments. These are
negative emotionality, agreeableness, conscientiousness, extraversion, and openness. The BFC is answered on a 5-point
Likert scale (almost never-almost always). Gaio (2012) reported alpha values ranging from .78 to .88 for the BFC; however,
our alpha values ranged from .58 to .88, suggesting that this
measure may not have as much internal reliability as we expected. Tentatively, this measure does also have good testretest reliability, with coefficients ranging from .62 to .84 in
the Spanish version (De Oviedo et al., 2005). Nonetheless, we
retained this baseline measure as a potentially useful “catchall” indicator of children’s traits.

Procedure
Allocation to Conditions Participants were allocated to one of
two conditions based on timetabling convenience for their
respective classes. A series of Mann Whitney U tests were
conducted to test for differences in median scores in age,
NVIQ, and personality across the experimental and control
conditions at time 1 (using a Bonferroni correction). There
was no evidence of differences in age, NVIQ, nor any of the
big five personality traits across conditions at time 1.
Additionally, a Pearson’s chi square analysis indicated that
boys and girls were also not differentially distributed across
Fig. 1 The study design.
SMART/chess took place over a
4-month period (February–May),
while the Drumcondra examinations took place approximately
1 month following the time 2
NVIQ test (June). Discounting
mid-term and Easter breaks, this
amounted to approximately
3 months of training

conditions. Therefore, it appears that, although we employed
convenience allocation to each condition, key traits were not
differentially distributed across conditions at baseline.
Conditions Those in the experimental condition were given access to the training over a 4-month period during the school year,
in which they received a minimum of 240 min of supervised
training during their class under their teacher’s supervision (see
Fig. 1 for a full timeline). During this period, participants were
differentially reinforced for making progress on a weekly basis
with tokens for completing training at home. Tokens gained students entry to an end-of-year prize draw. For completing each of
the first 10 stages, students gained one ticket. From stages 11–20,
they gained two tickets per stage. From stages 21–30, they gained
three tickets per stage. From stages 31–40, they gained four tickets
per stage. Finally, from stages 41–47 (the highest stage reached),
they gained five tickets per stage. At the same time, those in the
control condition were allowed to play online chess on the school
iPads during the same period, as this was already part of the
school curriculum and was previously hypothesized to be a useful
cognitive training in its own right (Sala & Gobet, 2017a). We
measured all participants’ NVIQ before and after SMART/chess
training. We also measured personality traits at baseline and literacy (DPRT) and numeracy (DPMT) approximately 1 month after
training. This procedure is summarized in Fig. 1.
SMART Experimental Condition Participants received training
in the general ability to derive relations between arbitrary nonsense syllables based on English language cues. This program
trained the receptive ability to derive relations of sameness/
opposition (symmetrical relations) and more than/less than
(asymmetrical relations). The training consisted of up to 70
stages, which started at an “easy” level (see Fig. 2, upper left)
and became progressively more difficult (see Fig. 2, upper right
for a stage representing the median highest stage completed,
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Fig. 2 Examples of SMART
training trial types of different
complexities

lower left for the highest stage completed, and lower right for a
later stage representing the highest possible complexity level
currently available).
Participants unlocked new stages of slightly increased complexity upon demonstrating that they had mastered the previous
stage. As seen in Fig. 2, early stages involve simply deriving
relations based on short A-B networks (e.g., Fig. 2, upper left),
while a more complex network might involve A-C networks
(e.g., Fig. 2, lower left). More advanced stages involved more/
less relations, which are more difficult because they are asymmetrical. That is, if A = B, then B simply = A, while on the other
hand, if A > B, B is not > A; we need a new symbol to represent
the reverse of a > relationship. In this case, the appropriate symbol
is physically the reverse of “>” (i.e., “<”), but this is not always
the case. For example, the cue “more than” does not physically
resemble the cue “less than,” but it is functionally opposite. Users
were only allowed to complete up to five new stages per day.
During training blocks, participants received corrective feedback
after each response by way of a progress bar. Participants were
required to answer 16 trials consecutively correct to proceed to the
testing phase and the progress bar reset following each wrong
answer. Participants received an array of 16 trials of a similar
type/complexity during test blocks, only this time without corrective feedback. The overall probability of passing any testing phase
by chance was approximately .000015. Before proceeding to a
new stage, participants were required to pass the testing block of
each stage. If they did not pass, they would have to repeat the
training block. Participants were also allowed to revisit previous
trials. To ensure that each trial was unique, participants were never
allowed to see the same nonsense syllable more than once on each
training account. As such, participants were trained in the domaingeneral act of deriving stimulus relations and not in simply remembering particular relations from one trial to the next. The

software recorded an incorrect response and presented a new trial
after a 30-s time limit had elapsed. Participants were allowed to
adjust the time limit for each trial if they wished to challenge
themselves further. Participants were not required to complete a
specified number of stages.
Chess Active Control Condition We chose this control activity
because teachers at this school reported children being motivated to work harder at school for chess time in previous
years. This activity was led by their classroom teacher on a
weekly basis. Those in the control condition received a minimum of 240 min of chess (Dora Logic Ltd., 2018) on the
school iPads from February to June of the school year, analogous to the experimental condition. Just as the training group
were able to increase their difficulty by progressing through
new stages and adjusting their time limits, those who played
chess could challenge themselves by availing of three different CPU opponent difficulty settings. In accordance with
RFT, the game of chess involves the complex manipulation
of symbols for pragmatic purposes but theoretically with less
precision than SMART training.

Results
Descriptive Statistics
Preliminary descriptive statistics (including means, standard
deviations, and confidence intervals) for our main variables of
interest can be found in Table 1. We then explored the intercorrelations between our main variables of interest, using a
Bonferroni correction to control for multiple comparisons
(see Table 2).
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Table 1 Means, standard
deviations, and confidence
intervals for our main variables
SMART
NVIQ time 1
NVIQ time 2
Pre-post NVIQ difference
Negative emotion
Conscientiousness
Agreeableness
Extraversion
Openness
Age time 1
Chess
NVIQ time 1
NVIQ time 2
Pre-post NVIQ difference
Negative emotion
Conscientiousness
Agreeableness
Extraversion
Openness
Age time 1

M

SD

95% CI lower bound

95% CI upper bound

99.57
108.47
8.90
27.22

12.32
14.30
13.89
5.71

94.97
103.13
3.71
24.75

104.17
113.81
14.09
29.69

48.57
52.78
47.96
43.48
8.79

7.22
9.36
6.85
6.87
.89

45.44
48.74
45.00
40.51
8.40

51.69
56.83
50.92
46.45
9.17

96.90
92.68
− 4.21
30.83
45.83
45.33
40.94
37.78
8.53

14.05
18.54
22.12
8.91
8.28
10.89
8.05
8.27
.95

89.08
85.60
− 14.87
26.40
41.71
39.92
36.94
33.66
8.06

101.97
101.31
6.45
35.27
49.95
50.75
44.95
41.89
9.00

Training Completion
In the experimental condition, the mean number of training
stages completed was 14.57 (SD = 11.20, Mdn = 9) out of the
70 stages available. We examined the relationship between the
number of relational training stages that those in the experimental condition completed and all our other baseline

Table 2 Bonferroni-adjusted
correlation matrix for our main
variables in the SMART
Condition

1

measures to understand who, in our sample, was more likely
to engage in training. There was a strong negative relationship
between susceptibility to negative emotion and the number of
training stages completed (r[22] = − .64, p = .001). We found
no other relationships between personality traits nor NVIQ
and training completion. NVIQ change was not linearly related to the number of training stages completed (see Fig. 3).

2

3

SMART
1. NVIQ time 1
2. NVIQ time 2
3. Pre-post NVIQ Difference

.46
− .37

.59**

4. Negative emotion
5. Conscientiousness
6. Agreeableness
7. Extraversion
8. Openness
9. Age time 1

.31
.38
.15
.21
.27
.20

−
−
−
−
−
−

.17
.26
.25
.15
.12
.15

−
−
−
−
−
−

.25
.51
.33
.22
.25
.31

4

5

6

7

8

.20
.20
.41
.24
.11

.83***
.65**
.71***
.04

.79***
.71***
.24

.77***
.38

.21

9

*p < .05
**p < .01
***p < .001
All correlations in the chess condition were non-significant after the appropriate Bonferroni corrections were
applied
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Fig. 3 The relationship between
the number of SMART stages
completed and NVIQ change

NVIQ
We used a mixed-design analysis of variance to assess the
effects of one between-subjects factor (conditions: SMART
and chess) and one repeated measures factor (time: time 1
and time 2) on NVIQ (see Fig. 4).
We observed a main effect of condition on NVIQ (F[1,
47] = 7.23, MSE = 273.87, p = .010, ƞp2 = .13). We did not
observe an overall effect of time on NVIQ (F[1, 47] = .84,
MSE = 153.13, p > .05). There was an interaction effect
between condition and time on NVIQ (F[1, 47] = 6.53,
MSE = 153.13, p = .014, ƞp2 = .12). This interaction was
such that when observing the simple effects in the experimental condition, we found significant increases in NVIQ
from time 1 (M = 99.57, SD = 12.32) to time 2 (M =
108.47, SD = 14.30) indicating that the training was successful in the experimental condition (ΔNVIQ = 8.90; F[1,

Fig. 4 The differential effects of
SMART versus chess on NVIQ
across time

4 7] = 7. 76 , p = . 00 8, C I = 2 .4 7– 15 . 33 , ƞ p 2 = .1 4 ) .
However, in the chess condition, there was no significant
change in NVIQ from time 1 (M = 96.90, SD = 14.05) to
time 2 (M = 92.68, SD = 18.54). The overall effect size in
the experimental condition, in accordance with Morris’
(2008) guidelines was d p p c 2 = .99, with power of
1-β = .779. We calculated the Reliable Change Index
(Zahra et al., 2016) at 3.50, suggesting that the observed
change in the experimental condition is not accounted for
by test-retest unreliability.
Which Participants Improved with Training? We attempted to
find out who gained the most NVIQ within the experimental
condition. There was a moderate negative relationship between baseline NVIQ and the degree to which participants
in the experimental group’s NVIQ scores changed from time
1 to time 2 (r[29] = − .37, p = .042).
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Relationships Between NVIQ and Educational Outcomes It
was not possible to conduct pre- and post-training curriculum-appropriate educational achievement tests to probe
for far transfer of training effects. However, the purpose
of these analyses was to test whether NVIQ at time 2
would predict test results once we controlled for NVIQ
at time 1. This would allow us to adjudicate between two
competing hypotheses. H0: NVIQ at time 2 does not predict educational outcomes once controlling for NVIQ at
time 1. This outcome would imply that there is no evidence for far transfer of relational training effects. H1:
NVIQ at time 2 predicts educational outcomes even when
controlling for NVIQ at time 1. This outcome would be
consistent with what we might expect to observe in a
direct test of far transfer. It appeared that, once controlling
for baseline NVIQ, there were strong relationships between post-training NVIQ and reading comprehension
outcomes in the experimental condition only (see
Table 3, upper right). Table 3 presents several partial

Table 3 Partial correlations: the
relationship between post-training
NVIQ and Drumcondra test
scores, controlling for baseline
NVIQ

correlations in which time 2 NVIQ correlated with reading outcomes over and above time 1 NVIQ.
Follow-up multiple regression analyses revealed that
time 2 NVIQ predicted performance on reading comprehension tests conducted approximately 1 month later over and
above time 1 NVIQ, explaining 7% (Comp RS) and 14%
(Comp SS) additional variance, respectively (see Fig. 5 for a
summary; however, these results are presented in more
detail in Table 4).

Discussion
In this study, we replicated and extended previous tests of the
efficacy of relational training, employing a larger and much
younger sample. Participants in previous relational (i.e.,
SMART) training studies typically completed 55 training
stages, compared with just under 15 stages on average in the
current study. It is notable that this low training dosage yielded

SMART
Mathematics sub-scales
Total raw score
Total standard score
Numerical algebra
Shape space
Measures
Data
Recall
Mathematical implementation
Mathematical reasoning
Connect
Problem-solving

− .238
− .067
.062
.172
− .194
− .233
.199
− .119
− .145
− .052
− .017

Reading sub-scales
Vocabulary raw score
Vocabulary standard score
Comprehension raw score
Comprehension standard score
Word analogies raw score
Word analogies standard score
Total raw score
Total standard score

.241
.426*
.451*
.514*
.429
.415
.444*
.573**

Chess
Mathematics sub-scales
Total raw score
Total standard score
Total STEN score
Total percentile rank
Numerical algebra
Shape space
Measures
Data
Recall
Mathematical implementation
Mathematical reasoning
Connect
Problem-solving
*p < .05
**p < .01

Reading sub-scales
.258
.132
.122
.156
.133
− .035
− .053
.525
− .105
.576*
.068
− .065
.064

Vocabulary raw score
Vocabulary standard score
Comprehension raw score
Comprehension standard score
Word analogies raw score
Word analogies standard score
Total raw score
Total standard score

.485
.463
.232
.244
− .129
.040
.389
− .127
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Fig. 5 Unique variance explained
by time 2 NVIQ in reading
examination scores
approximately 1 month later in
the SMART condition. See
Table 4 for detailed regression
analyses

a NVIQ increase (of 8.9 points) that was about three times as
large as the most recent popular working memory training (see
Au et al. (2015)), with a large effect size. Additionally, the
observed NVIQ gains following SMART training explained a
substantial amount of variance in independently assessed
curriculum-appropriate test results.
We also found that those who were less susceptible to
negative emotion completed more relational training. This
suggests that this training, as expected, is cognitively
challenging and that those who generally tend to react to
challenging situations by withdrawing or by getting frustrated will complete less training, all things being equal.
We found no evidence to suggest that those who were
“smarter” in the first place found training easier from
the beginning and subsequently entered into a positive
feedback loop that allowed them to achieve the highest
NVIQ gains. Instead, those who had lower NVIQ at baseline appeared to benefit more from this lower-complexity
training (M = 14.57 stages completed). It is possible that
Table 4

those with higher baseline ability were not challenged
enough, cognitively speaking, as they may have reached
the later stages; this will be important to test in future
research. SMART allows users to make small, gradual
steps up in difficulty (see Fig. 2) informed by findings
from an established research program in the experimental
analysis of human behavior (see Dymond and Roche
(2013), for a book-length review), which may benefit
those who require smaller steps up in difficulty to make
progress.
We did not find a linear relationship between training completion and NVIQ change, as might be expected given the
negative relationship between NVIQ change and baseline
NVIQ. In the future, more highly powered studies may be
able to test for a non-linear relationship between training completion and NVIQ change. We predict that the relationship
between NVIQ change and training completion will be higher
for those who have lower NVIQ at baseline. Additionally, in
future studies with larger samples, it will be important to test

Predicting Drumcondra reading subtest scores using pre-training NVIQ and post-training NVIQ in the SMART training group

DV

Model

Constant

b1

SE b1

β1

Vocab RS

1
2
1
2
1
2
1
2
1
2
1
2
1
2
1

2.8
− .33
38.58
15.61
8.01
− 2.17
57.00
31.30
3.54
− 4.51
48.35
32.51
10.81
− 2.50
157.90

.28
.26
.79
.60
.21
.12
.61
.39
.23
.16
.60
.46
.49
.38
− .46

.05
.06
.18
.20
.07
.08
.16
.17
.09
.12
.21
.26
.10
.11
.68

.75
.68
.69
.52
.53
.31
.63
.41
.63
.44
.70
.54
.72
.56
− .19

2

179.39

− .43

.71

− .18

Vocab SS
Comp RS
Comp SS
Analogies RS
Analogies SS
Total Reading RS
Total Reading SS

b2

SE b2

β2

.05

.07

.13

.39

.21

.32

.17

.08

.42

.43

.18

.43

.14

.13

.33

.27

.30

.27

.22

.12

.32

− .28

.54

− .15

R2

ΔF

p

.54
.54
.47
.55
.28
.35
.40
.54
.40
.47
.48
.53
.52
.59
.04

27.19
.62
18.67
3.34
8.20
4.43
14.09
5.94
6.00
1.05
8.40
.81
22.73
3.60
.45

< .001
> .05
< .001
> .05
.009
.048
.001
.024
.037
> .05
.018
> .05
< .001
> .05
> .05

.06

.26

> .05

Model 1: IV, pre-training NVIQ; Model 2: IV1, pre-training NVIQ, IV2, post-training NVIQ; RS, raw score; SS, standard score; Vocab, vocabulary test;
Comp, reading comprehension. We have used italics to highlight each DPRT outcome variable for which post-training NVIQ predicted exam results
over and above pre-training NVIQ
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whether training completion mediates the change in NVIQ
from time 1 to time 2.
Post-training NVIQ predicted reading comprehension
performance (on the DPRT) over and above pre-training
NVIQ. Perhaps, this should not be surprising, given that
reading comprehension involves manipulating symbols/
language given previously unseen information, which is
what relational training aims to strengthen. Similarly, it
is unsurprising that the residual NVIQ did not explain
variance in other aspects of reading performance such as
vocabulary because vocabulary scores are dependent on
both (i) participants’ abilities and (ii) having had the
learning opportunities to learn new words in the first
place. It is possible that the vocabulary learning opportunities were not presented after experimental participants had gained an increased ability to learn (i.e.,
NVIQ). We would only expect vocabulary and other
measures of crystallized knowledge to improve if relational skills were improved prior to learning opportunities being presented. With the ability to semantically
relate and differentiate words in complex relational networks (cf. McLoughlin & Stewart, 2017), vocabulary
may expand thereafter, subject to appropriate learning
opportunities. Reading comprehension may be considered to be a purer performance measure of literacy,
rather than a task that requires prior learning
opportunities.
On the other hand, we did not find that residual NVIQ
in the relational training condition explained variance in
mathematics outcomes, however. This might, at first
glance, appear somewhat surprising given the findings
of Hayes and Stewart (2016), who reported that completing relational training led to improved DPMT scores but
not improved DPRT scores. However, this discrepancy
may likely be partially due to the large difference in the
numbers of training stages completed (14.57 in present
study versus 55 in Hayes and Stew art (2016)).
Importantly, the first 29 stages of the program involve
training same/different relations (i.e., equivalence and
non-equivalence), and the remaining 26 stages focus on
establishing more than/less than relations. Thus, with an
average of just under 15 training stages completed, it is
likely that a substantial portion of the sample did not
reach the more than/less than relational training trials.
Mathematics largely involves symbolic manipulation of
quantities (e.g., which has the greater value—7 × 3 or
2 × 10?; If Sarah has 4 apples, 6 pears, and 2 oranges
and Maria has 7 apples, 1 pear, and 6 oranges, who has
the most fruit?). The present data suggest that it might be
necessary to complete at least a certain number of more
than/less than relational training trials to substantively impact subsequent performance on indices of mathematics
aptitude or ability, although simpler symmetrical relations

may still be useful for learning new mathematical terminology (cf. Sandoz & Hebert, 2017).
It was not possible for us to conduct a double-blind
study, and so there is a possibility that the changes in
NVIQ observed herein were partially the result of placebo
effects or motivational differences across conditions. On
the other hand, the magnitude of the increase in NVIQ in
the experimental condition (8.90 NVIQ points or twothirds of an IQ standard deviation) is not easily explained
by motivational and expectancy effects. In particular, the
acid test of whether one has really raised NVIQ (rather
than simply motivation/expectations) is achieving far
transfer towards unrelated real-world outcomes over a period of time. Given that the exams were conducted a
month after the time 2 NVIQ test, far transfer is arguably
the most likely explanation as to why time 2 NVIQ predicted exam performance over and above time 1 NVIQ in
the experimental condition only. Disentangling the active
components of SMART training is of course beyond the
scope and aims of the present study, but we hope that this
will be tested further in either a large-scale randomized
controlled trial or in appropriate component studies. One
possible future direction might be to systematically provide different SMART training dosages across experimental conditions so that motivation and the potential for expectancy effects are more equal across conditions. This
would allow the effect of training completion be more
clearly delineated. When dosage and possible engagement
issues are addressed, then a substantially larger-N trial to
estimate the potential public health value of the SMART
intervention would be justified.
The increase in NVIQ is considerably less than was reported
in several other SMART studies. However, participants in our
study completed a mean of 27% of the training stages reported
in other SMART studies (e.g., Cassidy et al., 2016, 2011;
Colbert et al., 2018; Hayes & Stewart, 2016). The degree to
which our participants’ NVIQ increased is roughly congruent
with those studies, assuming that increases in intelligence due to
relational training are linearly related to the amount of training
completed (see also Amd and Roche (2018)).
In hindsight, the low average number of relational
training trials completed in the present study as compared
with previous studies referred to above is somewhat unsurprising. Due to time pressures to cover the content of
the school curriculum, this particular school could only
agree to allocate 240 min of class time to pupils in both
conditions. This is a very low training dosage compared
with those studies cited above, where participants typically engaged in relational training for 30–40 min per session, for three or four sessions per week, over a period of
3 or 4 months. Even allowing for the fact that participants
could engage with the relational training program in their
own time if they wished, the total number of hours of
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exposure to training is much less than in some studies.
Amd and Roche (2018) also employed a similar measure
of NVIQ (i.e., Matrices) and correspondingly noted a possible relationship between number of stages of training
completed and NVIQ gain. Furthermore, targeting a sample with such a youthful age range (6–10 years) was ambitious for this kind of intensive cognitive training. The
comparatively low training completion in this study is
notable for researchers who wish to embark on a demanding program of relational frame training with young children of this age range in the future.
The present study is only the second test of the efficacy of
relational operant training to employ an active control condition, and it is also the largest to date. While the inclusion of an
active control condition is a useful addition to research in this
domain, we acknowledge some methodological weaknesses
with the control condition itself. Due to the nature of the
school’s curriculum, the children were assigned 240 h to
playing online chess as per their class schedule. However,
there was no real way of measuring or recording their active
engagement in this condition over that period, unlike the experimental condition where the program recorded the number
of relational training trials completed and points gained.
Moreover, participants in the experimental condition were encouraged to engage with the SMART program in their own
free time on an ad hoc basis outside of the assigned 240 min
within class time at school. Thus, the conditions were not
evenly matched in terms of time spent on the two different
tasks. Notwithstanding, a key difference between the groups,
and what underpins successful engagement with relational
training, is frequent behavioral reinforcement (i.e., after each
trial). This core feature of multiple exemplar training is not as
prominent in the control condition, meaning we expected both
disproportional engagement and gains in the experimental
condition.
Future research should consider including an active
control condition that more closely mirrors an RFTbased relational training intervention. With the SMART
program, this might currently be difficult or expensive in
practice as it likely would involve developing a whole
new control website that looks somewhat similar to the
SMART website and incorporates similar features such as
gamified characters and points gained. However, Cassidy
et al. (2011) did include a control condition that were only
exposed to equivalence training (i.e., same/different) and
not more than/less than training, whereas the experimental
group was exposed to both types of relational training.
The gains observed in full-scale WISC IQ in the experimental group over and above the control group could be
attributable to exposure to more than/less than relational
training. It is possible that researchers could develop
offline versions of such an experimental and control condition to provide a more robust scientific test of the

potential of RFT-based intervention programs to demonstrate a stronger evidence-base of cognitive and educational enhancement.
We did not randomly assign participants to each condition.
This was largely due to a stipulation from the institutional
ethics committee that all children in the same class should
have equal access to the relational training program. This
led to unbalanced condition numbers of 30 (experimental;
three classes) and 19 (control; two classes). Nonetheless, our
key traits were not differently distributed across conditions at
time 1, which is what a full randomized controlled trial aims
to achieve (cf. Kaptchuk, 2001). However, we acknowledge
that this, of course, does not equate to randomization and thus
is an important methodological limitation to address in future
studies in this area. Ideally, in the future, researchers will
conduct double-blind experiments in which participants receive greater dosages of training and in larger samples wherein clustered randomization is possible. We see the present
study as an important bridge between early small-N studies
and the studies we would like to conduct, arguing that previous studies are not sufficient justification for a full-scale clustered randomized controlled trial.
We also found that those who completed more training
were less susceptible to negative emotion, suggesting that relational operant training may be emotionally taxing. This is an
important finding as it suggests that propensity towards negative emotion might be a key variable to consider when designing intensive cognitive training programs. Given that personality dispositions are both highly heritable and also difficult to change without intensive therapy (Jang et al., 1996;
Roberts et al., 2017; Viken et al., 1994), future contextual
behavioral research could focus on tailoring interventions to
those with differing underlying personality characteristics
who might be inclined to give up on training more readily
than others. This might be achieved by including higherquality reinforcers within SMART to improve sustained engagement, especially in populations who tend to be higher in
trait negative emotion that may be at a disadvantage.

Conclusion
This study is one of the largest controlled tests of the efficacy
of relational operant training to date, but researchers must
attempt to conduct even larger scale studies in the future with
a view to implementing the intervention on a much broader
scale. In the present study, even with a low training dosage
and a sample of young children aged from just 6 to 10 years,
we yielded an increase in NVIQ that is three times that of the
most popular cognitive training intervention to date (cf. Au
et al. (2015); though also Sala and Gobet (2017b)). Therefore,
relational operant skills training is a strong candidate to be a
viable intervention for accelerating children’s progress
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towards developmental milestones. Furthermore, these data
corroborate RFT’s core hypothesis that tests of cognitive ability and educational attainment may indeed be indirect tests of
more fundamental relational operant skills.
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