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Introduction

Cognition is an adaptive process. Novel tasks call for 
adaptive behaviour that is thought to rely on successful 
executive control (Miller & Cohen, 2001; Miyake et al., 
2000; Norman & Shallice, 1986). Although adaptivity and 
learning are considered to be cornerstones of human cog-
nitive ability (Anderson, 2014; Chein & Schneider, 2012), 
the outcome measures of complex cognitive task perfor-
mances typically sum up the whole task period into single 
scores. This entails a static view of the mental architecture 
underlying task performance. Anderson (2014) calls this 
the componential computational theory of mind, which 
implies that the mind consists of dissociable functions that 
can be measured with cognitive tasks. For example, the 
Stroop task is thought to tap on peoples’ inhibitory 
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capacity, whereas the n-back task reflects their working 
memory (WM) updating capacity. Considering cognition 
as an adaptive process is a radical departure from this 
approach—it entails that performing a cognitive task alters 
what is being measured, because the cognitive system 
adapts to the testing context. Thus, what is measured by a 
task is partly created by the measurement situation, rather 
than being “out there” on the latent level, waiting to be 
measured. This way of thinking motivates examining cog-
nitive task performance as a dynamic process that evolves 
over time.

The cognitive skill learning approach (Ackerman, 
1988; Chein & Schneider, 2012; Schneider & Chein, 2003; 
Schneider & Shiffrin, 1977; Shiffrin & Schneider, 1977) 
espouses this general view by focusing on the adaptivity of 
cognition. It is based on a long research tradition on slow 
and effortful versus fast and automatic cognitive systems. 
The skill learning approach is often applied to explain 
learning in perceptual-motor tasks or tasks that require 
problem solving. In this study, we applied it to complex 
cognitive task performance, namely WM tasks. Besides 
involving perceptual-motor processes, the cognitive 
demands and unfamiliarity of WM tasks call for executive 
resources needed for strategy generation and implementa-
tion (Waris, Fellman, et  al., 2021; Waris, Jylkkä, et  al., 
2021). In this way, they can be considered as analogical to 
any cognitively demanding novel task that requires skill to 
be performed efficiently. The cognitive skill learning 
approach entails that processing of novel tasks initially 
relies heavily on task-general metacognitive and control 
processes that through repeated practice are gradually 
replaced by more task-specific, automatised processes 
(Taatgen, 2013). Metacognitive processes include the gen-
eration of a suitable strategy for the task, whereas the con-
trolled execution phase, engaging the executive system, 
involves its effortful and controlled implementation. In 
turn, automatisation proceeds gradually with task expo-
sure and frees the effortful processes to other tasks (Chein 
& Schneider, 2012).

Applying the cognitive skill learning approach to the 
psychometric context implies that what is being measured 
can change as the participant develops a skill to perform 
the task. Consider a complex WM task like the n-back, 
where the participant sees stimuli that are constantly 
changing. During each new stimulus, the participant needs 
to decide whether the stimulus is the same as the one that 
was presented n trials ago. For example, in a 2-back task 
with the series 2-5-1-5-4-3-4, the subject should press the 
response button corresponding to “same” during the trials 
that are bolded above (Kirchner, 1958). The participant 
assumedly enters the metacognitive phase already upon 
receiving task instructions (wondering what the task will 
be like, trying to remember the stimulus-response map-
pings and task instructions, starting to plan a strategy, etc.). 
The memorised task instructions and self-generated 

strategies are effortfully implemented, monitored, and 
adjusted in the beginning of a task, but with continued per-
formance, processing is gradually automatised. Thus, fol-
lowing the skill learning view (Chein & Schneider, 2012), 
we hypothesise that a demanding cognitive task relies on 
different processes depending on the stage of learning. 
Here, we studied whether signs of such changes could be 
detected already during the brief time spans (minutes) that 
commonly employed WM tasks usually take.

The assumption that the later stages of task perfor-
mance serve to consolidate task-specific skills receives 
support from the cognitive training literature, but there the 
time scales span from hours to weeks, rather than minutes. 
Prolonged training on a cognitive task typically does not 
yield transfer to other types of tasks, but rather enhances 
performance only on tasks that have close structural 
resemblance to the trained task (Au et al., 2015; Karbach 
& Verhaeghen, 2014; Kassai et  al., 2019; Melby-Lervåg 
et al., 2016; Melby-Lervåg & Hulme, 2013; Sala & Gobet, 
2017; Schwaighofer et al., 2015; Weicker et al., 2016). For 
example, n-back training with digit stimuli can clearly 
enhance performance on an untrained n-back task with let-
ters, but not on structurally dissimilar WM updating tasks 
such as a running memory task (Gathercole et al., 2019; 
Soveri et al., 2017). This lack of transfer could be explained 
by considering cognition as an adaptive process, where 
performance on a repeated task starts to rely more and 
more on task-specific subroutines instead of task-general 
processes (Fellman et al., 2020). Also, the functional brain 
imaging studies of WM training, showing modulations of 
activity in large-scale brain networks associated with cog-
nitive and perceptual-motor systems, are consistent with 
the cognitive skill learning framework on this longer time 
scale. Activity in the dorsolateral prefrontal cortex as well 
as parietal and sensory areas, initially responding to high 
cognitive load, attenuates over the training period, whereas 
activity of the striatum that is involved in executing learned 
sequences increases (Salmi et al., 2018).

This study differs crucially from the abovementioned 
WM training studies by examining the evolvement of task 
paradigm-based latent structure of commonly used WM 
tasks within the short time span of a single testing session 
that took ca. 5 to 14 minutes per task (“paradigm” refers 
here to the type of task, e.g., variants of the n-back task 
represent the n-back paradigm). Two lines of previous evi-
dence motivated us to apply this approach to such short 
time spans. First, there is neuroimaging evidence indicat-
ing that the brain systems underlying WM begin to adapt 
already during a single testing session (Badre et al., 2010). 
Another line of empirical evidence for the dynamic nature 
of the cognitive processes underlying within-session WM 
performance comes from self-reported strategies that are 
also reliably associated with objective WM performance 
(Fellman et al., 2020; Forsberg et al., 2020; Laine et al., 
2018). Of particular relevance here is a microgenetic study 
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(Waris, Jylkkä et  al., 2021) that analysed the block-by-
block evolvement of spontaneous strategy use within a sin-
gle n-back test session. About half of the participants 
reported using a self-generated strategy already during the 
very first task block, and changes in selected strategy were 
most common during the initial task blocks, after which 
strategy use became more stable. The generality of this 
within-task strategy development pattern was corrobo-
rated by three similar block-by-block strategy analyses 
that employed quite different episodic and prospective 
memory tasks (Laine, Fellman, et al., 2024; Laine, Jylkkä, 
et al., 2024; Waris, Fellman et al., 2021). The findings of 
these microgenetic studies fit well to the cognitive skill 
learning view, according to which strategy generation and 
controlled execution (including monitoring and strategy 
adaptation), which represent task-general executive 
resources, are most prominently in use during the initial 
stages of cognitively demanding task performance.

In this study, pretest data from two previously pub-
lished WM training experiments were employed (Fellman 
et al., 2020; Ritakallio et al., 2022). We analysed these two 
data sets to enable replication. At pretest, participants saw 
the WM tasks for the first time. The WM task paradigms 
were n-back, running memory, simple span, and selective 
updating (SU), with partly different paradigm and task 
constellations in the two experiments. Each WM paradigm 
included task variants that employed different stimuli. To 
create a longitudinal repeated measures data matrix, we 
divided each 5- to 14-minute task period into four approxi-
mately equally long phases and calculated each partici-
pant’s performance scores for each phase.

We analysed these data with longitudinal structural 
equation modelling (LSEM), a latent variable modelling 
approach with multiple observed indicators. Using LSEM 
allowed us to separate measurement error from true indi-
vidual differences linked to variability and/or change over 
time. Our measurement structure was as follows: the latent 
variables were the paradigm-specific factors (n-back, run-
ning memory, simple span, SU), and their observed indica-
tors were the participants’ performance scores on the task 
variants of each WM paradigm at each time point. This 
data structure was subjected to test our hypothesis that 
these latent WM factors load heavily enough on general 
executive resources to form unity at the initial phase or 
phases but not later. Prior to hypothesis testing, we had to 
first establish measurement invariance, meaning that the 
expected changes happened in the paradigm-specific latent 
factors and not in the measurement properties of their 
observed indicators (the WM tasks). After that, hypothesis 
testing ensued. This was done step-by-step by introducing 
hypothesis-guided constraints to the latent factors’ covari-
ance structure and observing the subsequent model fit, 
finally arriving at a model that was as parsimonious as 
possible without losing fit to the data. As our hypothesis 
predicted a change from relative unity towards diversity in 

the covariance structure, hypothesis testing proceeded by 
constraining latent factor intercorrelations to 1.00 (reflect-
ing the g-factor of task-general executive control) when-
ever that was possible without significantly worsening 
model fit and examined to what extent the resulting con-
strained covariance structure followed the hypothesised 
pattern of change. Due to the variability of the WM tasks 
and the lack of previous research, we did not attempt to 
predict at which time point the latent factor intercorrela-
tions would start to decline. All in all, the goal of this 
LSEM approach was to attain the most simple and parsi-
monious fit to the covariance structure of the data, allow-
ing for evaluation of the resulting model in light of our 
hypothesis. This methodology has previously been used in 
multiple group comparisons and intervention studies (for a 
review, see Little et al., 2022); however, in our case, the 
longitudinal performance data consisted of a single group 
of participants who took a battery of WM tasks.

Experiment 1

In this experiment, we tested our hypothesis that the latent 
factor intercorrelations evolve from relative unity towards 
paradigm-specific diversity with data from an Internet-
based WM training study. To examine the underlying cog-
nitive architecture of WM processing when the tasks are 
novel, we focused solely on pretest performances. The 
tasks represented commonly used WM paradigms, each 
lasting on average 5 to 14 minutes. The data and the scripts 
used in the analyses are available at https://osf.io/gvqhu/.

Participants and procedure

The current data stem from the pretest of an online ran-
domised controlled trial that examined WM training and 
its mechanisms (Fellman et al., 2020). The trial was pre-
registered (see https://aspredicted.org/r7qs9.pdf) but 
because the data were collected for other purposes, the pre-
registration did not include the present hypothesis. The 
study was approved by the Institutional Review Board of 
the Departments of Psychology and Logopedics, Åbo 
Akademi University, and it was conducted in accordance 
with the Helsinki Declaration. All participants gave their 
written informed consent. In this study, 419 participants 
were recruited through Prolific Academic (https://www.
prolific.co/). Of these, 296 participants were included in 
this study after excluding those that did not meet the inclu-
sion criteria (n = 117), and those that reported cheating dur-
ing task performance (n = 6). The inclusion criteria were 
English as native tongue, no current psychiatric or neuro-
logical illnesses that affected daily life, no current use of 
central nervous system (CNS) medication, no current psy-
chotropic drug use (except tobacco, alcohol, and canna-
bis), and no intoxication at the time of testing. The 
participants were 18- to 50-year-olds with a mean age of 
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34.08 years (SD = 8.52), and 62.50% (n = 185) were 
females. The mean length of education in the sample was 
15.80 years (SD = 3.49).

Materials

The WM tasks included in this study encompassed four 
n-back tasks (separate tasks with digits, letters, colours, 
and boxes as stimuli), four simple span tasks (forward sim-
ple spans with digits and boxes, backward simple spans 
with digits and boxes), and two running memory tasks 
(digits and boxes). All data were from the pretest of the 
original experiment when the participants saw these tasks 
for the first time (Fellman et al., 2020).

n-Back.  This task calls for continuous creation and updat-
ing of arbitrary bindings between items and their positions 
in a stimulus sequence. This requires executive control as 
it is prone to interference (Szmalec et  al., 2011). We 
employed four adaptive single n-back tasks with different 
stimuli, namely digits (1–9), letters (A–I), colours (blue, 
yellow, red, green, purple, black, pink, orange, and grey) 
and locations (boxes presented in a 3 × 3 matrix) as stim-
uli. In each n-back task variant, the stimuli were presented 
one at a time on a computer screen. The participants were 
to respond “yes” or “no” to each item with a keyboard 
press, indicating whether the current item corresponded to 
the item presented n items back in the stimulus sequence. 
Each n-back variant included 12 task blocks, with 20 + n 
trials in each block. Out of the 20 trials in a block, six were 
targets and 14 were nontargets. To increase task demands, 
four nontargets were lures (i.e., identical to the target items 
but presented n ± 1 back). Each stimulus was displayed for 
1500 ms, and the interstimulus interval was 450 ms. The 
n-back tasks were adaptive so individual success rate 
determined the level of task difficulty. Each n-back task 
started always with a 1-back block, and the level of n could 
vary between 1 and 12. If the participant responded cor-
rectly on 18 to 20 trials in a block, the programme increased 
n by one. The level of n remained unchanged if the partici-
pant recalled 15 to 17 trials correctly, whereas five or more 
incorrectly recalled trials resulted in a decrease of n by 
one. Each n-back task took about 14 min. No practice trials 
were included as the task started at the easiest 1-back level.

Span.  A classical method in the evaluation of WM capac-
ity, span tasks call for short-term maintenance of memory 
contents, either with or without the need to manipulate 
their order. There were four simple span tasks: two for-
ward span and two backward span tasks. One forward span 
task employed digits as stimuli (forward simple span with 
digits; FSD), and the other one visuospatial locations (for-
ward simple span with boxes; FSB). In both variants, there 
was one trial for each list length, and the length of the ran-
domised lists ranged from 4 to 10 in the FSD and 3 to 9 in 

the FSB. Also the backward simple span tasks had one 
variant with digits (backward simple span with digits; 
BSD) and the other one with locations (backward simple 
span with boxes; BSB). For both Backward span variants, 
the list lengths varied from 3 to 9, and the sequences were 
presented in a randomised order. Similarly to the Forward 
simple span tasks, the participants were shown one 
sequence per list length. For both the forward and back-
ward simple span task, the item exposure time was 1000 ms 
and the interstimulus interval 500 ms. Each span task took 
ca. 5 min. Depending on the participant’s performance, 
there were three to seven practice sequences. The final 
practice sequence was nine items long, whereas the other 
ones had four to five items. Recalling correctly two con-
secutive short sequences, the participant proceeded to the 
final longer sequence. After that, the actual task com-
menced irrespective of the correctness of the recall of the 
longer sequence.

Running memory.  In this task, the participants are to recall 
a given number of last items from a sequence that is sud-
denly aborted. It is typically assumed that running memory 
performance calls for updating the list of most recently 
presented items in WM. We employed two task variants, a 
running memory task with digits (RMD) and a running 
memory task with boxes (RMB). For both task variants, 
stimulus presentation time was 1000 ms, with an inter-
stimulus interval of 500 ms. In RMD, the participants saw 
digit sequences with unpredictable length on the computer 
screen, after which they were to recall the last four items in 
correct order. The RMB was identical to the RMD, except 
that the stimuli were spatial locations in a 3 × 3 matrix. 
For both task variants, the participants completed eight tri-
als in a randomised order. The item sequences varied from 
4 to 11 items, with one trial per each list length. The run-
ning memory tasks took ca. 6 min each. Depending on par-
ticipant’s performance, there were two to six practice 
sequences. Correct recall of two consecutive sequences led 
to the actual task.

Dependent variables

To examine the changes in latent factor intercorrelations 
over time, we split the task blocks into four phases, roughly 
matched in length. This was done to attain a balance 
between having enough observations to enable a suffi-
ciently reliable analysis versus having a short time span in 
case the intercorrelations would change relatively quickly. 
The n-back tasks, i.e., n-back task with digits (NBD), 
n-back task with letters (NBL), n-back task with colours 
(NBC), and n-back task with boxes (NBB), were divided 
into blocks of three (3/3/3/3), whereas the other tasks (i.e., 
the running memory tasks RMD and RMB and the span 
tasks FSD, FSB, BSD, and BSB) were divided into blocks 
of one and two (1/2/2/2). Thus, where an even split was 
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impossible, the initial phase was kept shorter. This was 
motivated by the assumption that most changes in cogni-
tive skill learning happen at the initial stages of task per-
formance (Chein & Schneider, 2012). The dependent 
variable for the n-back tasks was the average n-back level 
achieved in the respective task phase. For the running 
memory tasks, the dependent variable was calculated by 
counting the correctly recalled items in correct position in 
a sequence, and then averaging the scores over sequences 
within the respective task phases. For the span tasks, the 
dependent variable was the proportion of correctly recalled 
items in correct order, that is, the number of correctly 
recalled items/total number of items.

Analytical approach

LSEM over the four task phases was conducted by employ-
ing the lavaan package version 0.6-9 (Rosseel, 2012) in 
the R environment version 4.1.1 (R Core Team, 2021) 
using Rstudio version 2021.9.0.351 integrated develop-
ment environment (R Studio Team, 2021). Goodness of fit 
was evaluated with the model’s χ2, the comparative fit 
index (CFI), the Tucker–Lewis index (TLI), the root mean 
square error of approximation (RMSEA), and the stand-
ardised root mean squared (SRMR). Acceptable model fit 
was determined by holistically evaluating the model fit 
indices, and acceptable values were set using the Little 
(2013) guidelines of CFI and TLI ⩾0.900, RMSEA and 
SRMR ⩽0.080. Item reliability was evaluated using 
McDonald’s ω coefficient (McDonald, 1999). McDonald’s 
ω coefficient can be interpreted using the same heuristics 
as Cronbach’s α coefficient and reports the proportion of 
variance in common among the items as part of the total 
observed variance. Measurement invariance was evaluated 
using the change in CFI of <0.01 (Cheung & Rensvold, 
2002; Little, 2013), and tests of latent parameter differ-
ences were evaluated using the χ2 difference test at an 
alpha level of .05 to determine significance.

The analysis proceeded in two stages, first determining 
measurement invariance, and then examining how correla-
tions between the latent factors change over time. 
Invariance testing establishes whether the items being 
used are psychometrically equivalent at each time point, 
allowing us to conclude that any changes in the constructs 
are changes in the constructs themselves and not changes 
in the measures being used. It is noteworthy that although 
the cognitive skill learning hypothesis implies a change in 
latent factor structure over time from relative unity towards 
task-specific structure, testing this hypothesis requires 
measurement invariance, which is a prerequisite for exam-
ining changes in factor intercorrelations (Little, 2013).

To evaluate the change in factor intercorrelations over 
time, we first examined whether it is possible to fit the data 
by constraining all the paradigm-specific latent factor 
intercorrelations to unity (r = 1.00) at each time point in 

sequence, starting with the initial task phase. We expected 
that it is possible to constrain the factors to unity at the 
initial phase or phases but not at later ones (our hypothesis 
does not state when exactly the factors diverge, only that 
they exhibit relative unity in the beginning). We then 
examined in more detail what is the most parsimonious 
model by constraining the correlations between each pair 
of the paradigm-specific latent factors separately. This was 
done to examine which of the latent factors form relative 
unity, if any, and at what time points. In this stepwise pro-
cess, the initial unconstrained model was used as a base-
line for identifying correlations that appeared to be similar 
in magnitude. First, correlations that appeared to be similar 
in magnitude within time (irrespective of the strength of 
that correlation) were constrained to equality if this was 
possible without worsening model fit. This constraint was 
not done to test any hypothesis, but instead to produce the 
most parsimonious model and to minimise the number of 
parameters to be estimated, increasing statistical power. 
Second, those within-time intercorrelations that appeared 
to be near 1.00 were constrained to 1.00 if this could be 
done without significantly worsening model fit. This was 
done to examine whether any given two factors are unitary 
within a time point. As noted above, our hypothesis did not 
state at which specific time point the factor intercorrela-
tions could not anymore be constrained to one, only that 
this could be done in the beginning and not towards the 
end. Third, once these within-time correlations were con-
strained, between-time correlations that appeared to have 
similar magnitudes (irrespective of the strength of that cor-
relation) were constrained to equality if this was possible 
without worsening model fit. Similarly to the within-time 
correlations, this was not done to test any hypothesis but to 
yield the most parsimonious model for the data and to see 
between which time points the correlations could be con-
sidered as identical versus different. All the changes were 
evaluated using a χ2 difference test, and the final con-
strained model was the one in which the constraints 
included did not produce a significantly worse fitting 
model compared with the unconstrained model, and any 
additional constraints would produce a significantly worse 
fitting model. Thus, the final constrained model can be 
considered as the most parsimonious fit to the data. That 
model could then be evaluated against our hypothesis that 
predicts a shift from relative unity towards diversity in the 
latent factor intercorrelations.

Results

The data were screened to identify univariate outliers (i.e., 
scores deviating >3.5 SDs from the sample mean on each 
task); task performances exceeding this threshold were 
treated as missing. Moreover, performances from partici-
pants who reported being colour-blind were treated as 
missing in the colour tasks. The data set consisted of 296 
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individuals observed across four time points during each 
WM task and missingness across all time points ranged 
from zero to six observations (2%) for any one variable. 
Our model was estimated using full information maximum 
likelihood (FIML) to estimate parameters that accounted 
for the missing observations. As our models utilised all 
variables in the data set, there were no auxiliary variables 
to specify. Descriptive statistics and pairwise correlations 
between tasks are summarised in the Online Supplementary 
Materials, Appendix A.

The first analytical aim was to establish measurement 
invariance. Our initial confirmatory factor analysis (CFA) 
configural model for Experiment 1 demonstrated good fit 
based on our established criteria with a χ2 of 720.448 
(df = 618), p-value of .003, CFI of 0.980, TLI of 0.975, 
SRMR of 0.046, and RMSEA of 0.024 with a 90% confi-
dence interval of [0.015, 0.031]. For this measurement 
model, reliability for the n-back over the four time points 
was 0.48, 0.79, 0.86, and 0.88. The reliability for span 
over the four time points was 0.31, 0.53, 0.60, and 0.59. 
Finally, the reliability for running memory over the four 
time points was 0.23, 0.23, 0.32, and 0.31. Although some 
of these reliability estimates are low, the loadings for all 
constructs were significant, allowing comparisons of the 
factor structure in the disattenuated latent space (Little 
et al., 1999). This model was evaluated for weak invari-
ance by constraining the item loadings to be equal across 
time, and then strong invariance by constraining the item 
loadings and intercepts to be equal across time. Both tests 
of invariance passed, with a resulting strong model that 
demonstrated good model fit with a χ2 of 778.985 
(df = 656), p-value of .001, CFI of 0.976, TLI of 0.972, 
SRMR of 0.050, and RMSEA of 0.025 with a 90% confi-
dence interval of [0.017, 0.032]. Fit indices for all levels 
of invariance can be found in Table 1. Thus, measurement 
invariance, the prerequisite for examining changes in fac-
tor intercorrelations (Little, 2013), was confirmed.

To evaluate our hypothesis about a relative task-initial 
unity developing towards diversity, we first ran a series of 
models that constrained the within-time correlation among 

all the paradigm-specific latent factors to 1.00 at each 
timepoint and used a nested χ2 difference test to evaluate 
whether these constraints caused the model to fit signifi-
cantly worse than the initial unconstrained model. Starting 
with the initial time point, the constrained model did not fit 
significantly different when compared with the baseline 
strong model (Δχ2 = 0.069, Δdf = 3, p = .995), indicating 
that at the first time point, the paradigm-specific latent fac-
tors were not differentiated. Keeping these constraints, we 
applied the unity constraints also to the second time point 
and found that this model fit was significantly worse than 
the baseline model (Δχ2 = 29.718, Δdf = 6, p < .001), as 
was the case at the third (Δχ2 = 51.112, Δdf = 8, p < .001) 
and fourth (Δχ2 = 54.454, Δdf = 10, p < .001) timepoints. In 
other words, the latent factors behaved as a single con-
struct at the first timepoint but not after that.

Next, we examined in more detail how the latent factor 
variances and covariances behaved over time by constrain-
ing them one by one, that is, for each of the paradigm-
specific latent factors separately and not all at the same 
time as was done above. We evaluated whether our para-
digm-specific latent factors differentiated at any single 
time point by constraining their correlations to be 1.00 at 
that time point and conducting a nested-model χ2 test to 
see whether this constraint worsens model fit. With the 
same method, and building on the model where the con-
straints to 1.00 were made when possible, we also exam-
ined whether the intercorrelations of the paradigm-specific 
latent factors could be constrained to be equal (irrespective 
of their strength) across time points. Failure to do so would 
indicate that the correlations change over time. To evaluate 
correlations on the same scale, rescaling constructs were 
used to estimate standardised covariances among all latent 
constructs (Little et al., 2006). Rescaling constructs consist 
of a standardised latent construct that is modelled with a 
single factor loading onto the original unscaled construct, 
and all covariance relationships among the unscaled con-
structs are moved to be between the standardised scaled 
constructs. This allows for the variance of the unscaled 
constructs to be estimated on the factor loading, and all the 

Table 1.  Experiment 1: Measurement invariance and nested-model comparisons.

χ2 df p CFI TLI RMSEA SRMR ΔCFI Δχ2 Δdf p Pass?

Configural 720.448 618 .003 0.98 0.975 0.024 0.046 – – – – Yes
Weak 743.808 635 .002 0.979 0.974 0.024 0.049 0.001 23.359 17 .138 Yes
Strong 778.985 656 .001 0.976 0.972 0.025 0.05 0.003 35.177 21 .027 Yes
Lt. Correlation 787.689 667 .001 0.977 0.973 0.025 0.05 – 8.704 11 .649 Yes
Lt. Variance 785.938 662 .001 0.976 0.972 0.025 0.051 – 6.953 6 .325 Yes
Omnibus 795.043 673 .001 0.976 0.973 0.025 0.052 – 16.058 17 .52 Yes

Measurement invariance was evaluated using the ΔCFI with 0.01 as the threshold for passing. Latent parameters were tested using nested model 
χ2 difference tests with an alpha of .05. “Configural,” “Weak,” and “Strong” refer to the models testing the respective types of invariances; “Lt. 
Correlation” refers to the model where the factor correlations have been constrained to 1.00 or equality, when that was possible without reducing 
model fit; “Lt. Variance” refers to the model where the latent score variances were constrained to equality, when that was possible without reduc-
ing model fit and “Omnibus” refers to the model where both the correlations and variances have been constrained.
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covariance relationships among the rescaling constructs to 
be estimated in a correlational metric that can be compared 
across the different time points.

After these operations, the final constrained values for 
the variances and intercorrelations of our latent parameters 
can be found on Table 2. In this table, an asterisk (*) indi-
cates that a parameter has been constrained to be equal to 
1.00 or to another parameter (irrespective of the strength 
of the correlation) within a task phase, and a cross (†) indi-
cates that a parameter has been constrained to be equal 
with another parameter (irrespective of the strength) over 
task phases. Based on our hypothesis, we expected the 
final model to show that at the initial task phase or phases, 
the paradigm-specific factors can be constrained to corre-
late at one and behave as a single construct, and then dif-
ferentiate over time, indicated by a failure to constrain the 
correlations to be equal across task phases. In addition, 
correlations were constrained to be equal to another within 
a task phase (irrespective of strength) to indicate when the 
correlations were equidistant, and to see whether a rela-
tionship that was constrained to be equal at one task phase 
is no longer equal at another task phase. As noted above, 
this was also done to attain the most parsimonious model 
where the number of parameters to be estimated is mini-
mised, thus increasing statistical power.

These analyses showed, in line with the first analysis, 
that all three paradigm-specific constructs were undiffer-
entiated at the first task phase, as all the factor correlations 
could be constrained to one without worsening model fit. 
Running memory and span continued to be undifferenti-
ated at the second and third task phases, and n-back showed 

a strong but below 1 correlation with this combined con-
struct at second (r = .721) and third task phases (r = .721). 
That is, at these task phases, n-back was no longer unitary 
with running memory and span, as constraining n-back to 
fully correlate with the two other tasks led to a signifi-
cantly worse model fit. However, although all paradigm-
specific constructs remained highly correlated by the 
fourth time point, they demonstrated differentiation by no 
longer having a correlation of 1.00. Instead, all of them 
were correlated with each other at r = .721. In other words, 
at this final task phase, constraining the correlations to 
1.00 led to a significantly worse model fit, indicating that 
the latent factor structure could no longer be considered 
unitary. This change from relative unity towards paradigm-
specific diversity mainly took place at the very early 
phases of task performance. Only the correlation between 
running memory and span remained static at one until the 
third time point, whereas all other correlations signifi-
cantly decreased from one already at the second time point. 
After the initial drop in the latent factor intercorrelations, 
most remained stable at .721 at the subsequent time points. 
Fit indices for the model with these correlation constraints 
are reported in Table 1 (see the row “Lt. Correlation”).

We also evaluated construct variances over time using 
this same method to attain the most parsimonious model of 
the variances and covariances possible. We determined 
that the variance (i.e., standard deviation) of running mem-
ory and san did not change over time, with running mem-
ory having a variance of 0.493 and span having a variance 
of 0.128 at all four task phases. The n-back construct, how-
ever, demonstrated a pattern of increased variance over 

Table 2.  Experiment 1: Final parameter estimates.

Correlations

  NB T1 RM T1 SP T1 NB T2 RM T2 SP T2 NB T3 RM T3 SP T3 NB T4 RM T4 SP T4

NB T1 1.000  
RM T1 1.000* 1.000  
SP T1 1.000* 1.000*† 1.000  
NB T2 1.010 0.868 0.804 1.000  
RM T2 0.819 1.077 0.957 0.721*† 1.000  
SP T2 0.832 0.919 1.054 0.721*† 1.000*† 1.000  
NB T3 1.002 0.766 0.724 1.010 0.768 0.685 1.000  
RM T3 0.784 1.309 0.842 0.698 1.136 0.868 0.721*† 1.000  
SP T3 0.881 1.028 1.054 0.764 1.146 1.011 0.721*† 1.000*† 1.000  
NB T4 0.995 0.764 0.707 0.997 0.668 0.678 0.994 0.674 0.710 1.000  
RM T4 0.839 0.966 0.830 0.722 1.175 0.988 0.725 0.908 0.850 0.721*† 1.000  
SP T4 0.973 1.055 1.030 0.808 0.919 1.022 0.728 0.908 1.079 0.721*† 0.721* 1.000
M 1.631 2.383 0.689 2.508 2.433 0.675 2.700 2.562 0.670 2.795 2.522 0.663
SD 0.147 0.493† 0.128† 0.614 0.493† 0.128† 0.841 0.493† 0.128† 0.948 0.493† 0.128†

Parameters marked with an asterisk (*) are constrained to be equal to one or another parameter within time, and parameters marked with a cross 
(†) are constrained across time. As a rule of thumb, the absence of cross symbol indicates a significant change between the time points, that is, in 
those case constraining the factor correlations to be equal over time has resulted in significantly worse model fit.
NB: n-back; RM: running memory; SP: span; T = task phase.
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time, with variances of 0.147, 0.614, 0.841, and 0.948, 
respectively. This indicates increasingly divergent perfor-
mances within this particular paradigm, presumably due to 
the fact that it is adaptive, in contrast to the other WM task 
paradigms employed here. The variances and latent mean 
scores are summarised in Table 2. Fit indices for the model 
with these variance restrictions in place are reported in 
Table 1 (see the row “Lt. Variance”).

The final model was constructed with both the variance 
and covariance restrictions in place and demonstrated 
good overall model fit, with a χ2 of 795.043 (df = 673), 
p-value of .001, CFI of 0.976, TLI of 0.973, SRMR of 
0.052, and RMSEA of 0.025 with a 90% confidence inter-
val of [0.017, 0.031] (see Table 1, row “omnibus”). A 
nested χ2 test comparing this constrained model to the 
unconstrained strong invariance model demonstrated that 
this final model did not fit significantly worse than the 
unconstrained strong invariant model, Δχ2 = 16.058, 
Δdf = 17, p = .520. This indicates that our final model, 
being constrained to reflect the relative unity-towards-
diversity pattern in factor intercorrelations that our hypoth-
esis predicted, provided an equally good fit to the data as 
the unconstrained model. A full table of the nested-model 
test results can be found in Table 1, and the final con-
strained values for the variance and correlation of our 
latent parameters can be found in Table 2. All the factor 
loadings over time are presented in Supplementary 
Appendix B1, and the unconstrained latent factor correla-
tion matrix in Supplementary Appendix C1.

Discussion

According to the cognitive skill learning framework (Chein 
& Schneider, 2012), task-general metacognitive processes 
such as strategy generation and executive control should 
play a central role at the initial phases of complex task per-
formance, whereas at later phases, task performance 
becomes partially automatised through gradually emerging 
task-specific subroutines. In line with this account, the pre-
sent results indicated a pattern of relative unity-towards-
diversity: WM task performances at the initial phase could 
be modelled as a single general factor, but then they started 
to diverge into factors specific to the task paradigm. This 
change in the latent factor structure challenges the common 
assumption that complex cognitive tasks measure static 
constructs throughout the task performance.

Experiment 2

In an attempt to replicate the analyses with another data 
set, we ran them with the pretest results from a more recent 
WM training study of our research group. The data and the 
scripts used in the analyses is available at https://osf.io/
gvqhu/.

Participants and procedure

The data of Experiment 2 stems from the pretest of a ran-
domised controlled online trial on WM training by 
Ritakallio et  al. (2022). The study was approved by the 
Institutional Review Board of the Departments of 
Psychology and Logopedics, Åbo Akademi University, 
and it was conducted in accordance with the Helsinki 
Declaration. All participants gave their written informed 
consent. As with Experiment 1, this study was preregis-
tered (https://osf.io/c9ygt) but because the data were col-
lected for other purposes, the present hypothesis was not 
included in the preregistration.

Following an extensive two-step prescreening proce-
dure, 250 participants were invited to take part in the study 
through Prolific Academic (https://www.prolific.co/). Of 
those, 34 participants did not complete the entire pretest, 
and an additional 15 participants reported cheating during 
task performance. This resulted in a final sample size of 
201 participants who met our inclusion criteria, which 
were similar to those in Experiment 1: English native 
speakers, no current psychiatric or neurological illnesses 
that affected the participant’s daily life, no current use of 
CNS medication and no current psychotropic drug use 
except for tobacco, alcohol, and cannabis. The participants 
were 18 to 50 years old with a mean age of 32.09 (SD = 8.27) 
and 56.5% (n = 114) of them were females. The mean 
length of education was 16.13 years (SD = 3.35).

Materials

The WM tasks included in the pretest battery encompassed 
three n-back tasks (digits, letters, and colours), two run-
ning memory tasks (letters and colours), two simple span 
tasks (letters and colours), and two SU tasks (digits and 
colours).

n-Back paradigm.  The three task variants had digits (NBD), 
letters (NBL), or colours (NBC) as stimuli. Stimulus pres-
entation and task length was the same as in Experiment 1. 
As in Experiment 1, there were no practice rounds.

Running memory.  The two running memory task variants 
had letters (RML) and colours (RMC) as stimuli. Both 
variants had a stimulus presentation time of 1000 ms and 
an interstimulus interval of 500 ms. For both RML and 
RMC, the sequence lengths varied between 4 and 11 items. 
The sequences were presented in a randomised order, with 
one trial for each sequence length. Each task took ca. 
5 minutes. The practice rounds were analogous to the run-
ning memory tasks in Experiment 1.

Span.  There were two forward simple span tasks—one 
with letters (FSL) and the other one with colours (FSC). In 
both variants, the participants were presented with an item 

https://osf.io/gvqhu/
https://osf.io/gvqhu/
https://osf.io/c9ygt
https://www.prolific.co/


Jylkkä et al.	 9

sequence (exposure time 1000 ms, interstimulus interval 
500 ms), and they were to recall the items in the order of 
presentation. The sequence lengths varied between 4 and 9 
in the FSL and 4 and 10 in the FSC, with the order of the 
sequences being randomised. There was one trial per 
sequence length. Task length was about 5 min for each 
variant. The practice trials were analogous to the span 
tasks in Experiment 1.

Su.  The SU paradigm was based on Murty et al. (2011). As 
its name implies, Murty and colleagues designed this task 
to tap the updating component. Rather than doing it in an 
all-or-none fashion, SU requires the overwriting of some 
items in a stimulus list while maintaining other ones. Two 
task variants were employed—one with digits 1 to 9 (SUD) 
and the other one with the colours blue, yellow, red, green, 
purple, black, pink, orange, and grey (SUC). In other 
respects, SUD and SUC were identical. In both variants, 
five items were shown on the computer screen in a row of 
five boxes, and the participants were instructed to memo-
rise the sequence. After this, the initial sequence disap-
peared and a new row of five boxes was shown. In the new 
row, two of the boxes had new items, whereas the remain-
ing three were empty. The participants were to update the 
memorised sequence with the two new items while main-
taining the unchanged items in their WM. In both task 
variants, the participants completed 10 baseline trials with 
no updating, and 10 trials with three updating phases 
where old items were replaced by new ones. At the end of 
each trial, the participants were to report the final item 
sequence. The presentation order of the trials was ran-
domised, and the participants did not know whether the 
next trial sequence would be a baseline trial or entail 
updating. The exposure time of the initial item sequence 
was 4000 ms for the SUD and 7000 ms for the SUC. This 
was followed by a 100-ms blank screen, after which the 
first updating phase was presented for 2000 ms (SUD) or 
5000 ms (SUC). This was again followed by a 100-ms 
blank screen and the next update. At the end of a trial, a 
recall grid with horizontally aligned boxes containing the 
digits 1 to 9 or the nine colours was shown on-screen. The 
participants were to click on the numbers or colours in the 
order that corresponded to the final item sequence. Each 
task variant took ca. 8 minutes. The practice trials were 
analogous to those of the span tasks. There were three to 
seven practice trials consisting of alternately presented 
updating and baseline trials. The first updating sequences 
were easy, with the updating locations being mainly in the 
beginning or at the end of the stimulus sequence. With cor-
rect recall of two consecutive easy sequences, the partici-
pants completed a more difficult trial with the updating 
locations mainly in the middle of the item sequence. After 
that, the participants proceeded to the actual task, irrespec-
tive of whether they recalled the more difficult sequence 
correctly. For further task details, see Fellman et al. (2018) 
and Laine et al. (2018).

Dependent variables

As in Experiment 1, we split the sequences into four 
phases, roughly matched by length. The number of blocks 
in the phases was as follows: 3/3/3/3 in the n-back tasks 
(NBD, NBL, NBC); 1/2/2/2 in the running memory tasks 
(RML, RMC), 1/1/2/2 in the span tasks (FSL, FSC), and 
2/2/3/3 in the SU tasks (SUD and SUC). The dependent 
variable for the n-back tasks was the average n-back level 
achieved in the respective task phase. For the span tasks, 
the dependent variable was the proportion of correctly 
recalled items in correct serial order, that is, the number of 
correctly recalled items/total number of items. For the run-
ning memory tasks and the SU tasks (for the latter one only 
the updating trials), the dependent variable was calculated 
by counting the correctly recalled items in correct position 
in a sequence, and then averaging the scores over sequences 
within the respective task phases.

Analytical approach

We employed the same analysis method and fit indices cri-
teria as in Experiment 1.

Results

The data were screened for univariate outliers (i.e., scores 
deviating >3.5 SDs from the sample mean on each task); 
task performances exceeding this threshold were treated as 
missing. Moreover, performances from participants who 
reported being colour-blind were treated as missing in the 
colour tasks. Missingness across all time points ranged 
from zero to six observations (3%) for any one variable. 
Descriptive statistics and pairwise correlations between 
tasks are summarised in the Online Supplementary 
Materials, Appendix D.

The first analytical aim was to establish factorial invari-
ance. Our initial CFA configural model for Experiment 2 
demonstrated good fit based on our established criteria 
with a χ2 of 531.918 (df = 432), p-value of .001, CFI of 
0.975, TLI of 0.964, SRMR of 0.053, and RMSEA of 
0.034 with a 90% confidence interval of [0.023, 0.043]. 
For this measurement model, reliability for the n-back 
over the four task phases was 0.74, 0.63, 0.79, and 0.84. 
The corresponding reliabilities for span were 0.27, 0.49, 
0.46, and 0.41, for SU 0.56, 0.51, 0.73, 0.70, and for run-
ning memory 0.19, 0.34, 0.48, and 0.55. As before, despite 
low reliabilities, all factor loadings were significant, allow-
ing comparisons in the disattenuated latent space (Little 
et al., 1999). This model was evaluated for weak invari-
ance by constraining the item loadings to be equal across 
time; however, this model demonstrated too great a change 
in CFI (ΔCFI = 0.04). We then fit a partial weak invariant 
model by allowing the loadings for n-back to be freely 
estimated at the initial measurement phase but constrain-
ing all subsequent task phase loadings to be equivalent. 
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This partially invariant model passed our criteria with a 
change in CFI of −0.001. We then evaluated strong invari-
ance by constraining the item intercepts to be equivalent 
over time; however, this model also demonstrated too 
great a change in CFI compared with the partial weak 
model (ΔCFI = 0.03). After evaluating our item intercepts, 
we allowed the intercepts for n-back at the initial phase to 
be freely estimated while continuing to constrain all subse-
quent intercepts to be equivalent over time. The resulting 
strong invariance model demonstrated good model fit with 
a χ2 of 547.879 (df = 446), p-value of .001, CFI of 0.975, 
TLI of 0.964, SRMR of 0.049, and RMSEA of 0.034 with 
a 90% confidence interval of [0.023, 0.043]. Fit indices for 
all levels of invariance can be found in Table 3.

In line with Experiment 1, we first constrained all the 
latent factor correlations to 1.00 at each task phase and 
examined whether this worsens model fit. The constrained 
model showed worse model fit compared with the baseline 
model already at the first task phase (Δχ2 = 77, Δdf = 8, 
p < .001). The constrained model failed to converge at the 
second task phase and showed worse fit at third 
(Δχ2 = 131.84, Δdf = 15, p < .001) and fourth phases 
(Δχ2 = 143.78, Δdf = 17, p < .001). This indicates that the 
latent factors behaved as separate constructs at all time-
points. Thus, the present data failed to replicate the initial 
unity of the latent paradigm-specific factors that we 
observed in Experiment 1.

Next, we examined in more detail how the variances 
and covariances of our paradigm-specific latent factors 
behaved over time by constraining the factor correlations 
one by one and not all at the same time as was done above. 
Thus, in line with Experiment 1, we evaluated whether the 
paradigm-specific factors were undifferentiated at any sin-
gle time point by constraining their correlations one by one 
to be 1.00 and conducting a nested-model χ2 test to see 
whether the constraint worsens model fit. Next, we exam-
ined whether it is possible to constrain the intercorrelations 
of the factors to be equal across time to see whether there 

are indications of a change in the latent factor structure 
from unity to diversity. Finally, as in Experiment 1, factor 
intercorrelations within a task phase were constrained to 
be equal when possible to ease interpretation and to make 
the model as parsimonious as possible. To evaluate corre-
lations on the same scale, rescaling constructs were once 
again used to estimate standardised covariances among all 
latent constructs (Little, 2013).

These stepwise analyses showed that at the initial task 
phase, the paradigm-specific factors running memory, 
span, and SU were behaving as a singular construct with 
correlations that could be constrained to one, but with 
n-back weakly correlated with running memory (r = .198) 
and moderately correlated with span and SU (r = .456). 
Thus, at the first task phase, all the latent factors except for 
n-back could be constrained to correlate at 1.00 without 
worsening model fit. At the second task phase, running 
memory and SU were still undifferentiated with a correla-
tion that could be constrained to one, whereas the correla-
tions had become moderate among span and running 
memory (.544) and among span and SU (.457). In other 
words, at the second task phase, no other paradigm-spe-
cific factors besides running memory and SU could be con-
strained to correlate at 1.00 without worsening model fit. 
By the third task phase, the constructs had completely dif-
ferentiated, with the correlations between running memory 
and span, and running memory and SU being .781, the cor-
relation between SU and span being .610, and all correla-
tions between n-back and the other constructs being 
estimated at .457. At the final task phase, the constructs 
were still differentiated with the correlations among SU, 
span, and running memory being .781, and the correlation 
with all three of these constructs with n-back being .457. 
Thus, both at the third and the fourth task phases, no fac-
tors could be constrained to correlate at 1.00 without wors-
ening model fit, suggesting a change from (partial) unity 
towards diversity. The exception was the n-back factor that 
exhibited no clear pattern in the evolvement of correlations 

Table 3.  Experiment 2: Measurement invariance and nested-model comparisons.

χ2 df p CFI TLI RMSEA SRMR ΔCFI Δχ2 Δdf p Pass?

Configural 531.918 432 .001 0.975 0.964 0.034 0.053 – – – – Yes
Weak 709.532 435 .000 0.932 0.901 0.056 0.113 0.043 177.615 3 .000 No
Weak Partial 528.366 433 .001 0.976 0.966 0.033 0.051 0.001 −3.551 1 1.000 Yes
Strong 658.934 448 .000 0.948 0.926 0.048 0.083 0.029 130.567 15 .000 No
Strong Partial 547.879 446 .001 0.975 0.964 0.034 0.049 0.002 19.513 13 .108 Yes
Lt. Correlation 555.283 462 .002 0.977 0.968 0.032 0.052 – 7.404 16 .965 Yes
Lt. Variance 552.829 453 .001 0.975 0.966 0.033 0.051 – 4.950 7 .666 Yes
Omnibus 563.621 470 .002 0.977 0.969 0.031 0.056 – 15.741 24 .897 Yes

Measurement invariance was evaluated using the ΔCFI with .01 as the threshold for passing. Latent parameters were tested using nested model χ2 
difference tests with an alpha of .05. “Configural,” “Weak,” “Weak Partial,” “Strong,” and “Strong Partial” refer to the models testing the respective 
types of invariances; “Lt. Correlation” refers to the model where the factor correlations have been constrained to 1.00 or equality, when that was 
possible without reducing model fit; “Lt. Variance” refers to the model where the latent score variances were constrained to equality, when that 
was possible without reducing model fit; and “Omnibus” refers to the model where both the correlations and variances have been constrained.
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with the other paradigm-specific factors. As for the other 
factors, after the initial drop in the factor intercorrelations 
from the first to the second task phase, the correlations 
mainly did not change between the third and fourth task 
phases. This indicates that the latent factor structure 
became more stable after the initial drop in the intercorre-
lations, as shown in Table 4. Fit indices for the model with 
all the correlation constraints are reported in Table 3 (row 
“Lt. Correlation”).

To attain the most parsimonious final model, we also 
evaluated construct variance over time using this same 
method and determined that the variance (i.e., standard 
deviation) of running memory was 0.581 over all task 
phases. The variance of span was 0.138 at the first, third, 
and fourth task phase and 0.173 on the second. The vari-
ance of SU was 0.716 for the first two task phases and 
0.876 on the last two phases. The variance of n-back 
increased at every task phase, with the first one being 
0.324, followed by 0.493, 0.875, and finally 1.060. The 
latent construct means are reported in Table 4. Again, it 
was only the adaptive task paradigm (n-back) that showed 
increasingly diverging performances over the test session. 
Fit indices for the model with these variance restrictions 
are shown in Table 3 (“Lt. Variance”).

The final model was constructed with the variance and 
covariance restrictions in place, and it demonstrated good 
overall model fit, with a χ2 of 563.621 (df = 470), p-value of 
.002, CFI of 0.977, TLI of 0.969, SRMR of 0.056, and 
RMSEA of 0.031 with a 90% confidence interval of [0.020, 
0.041]. A nested χ2 test comparing this model to the strong 
invariance model demonstrated that this final model did not 
fit significantly worse than the unconstrained strong invari-
ant model, Δχ2 = 15.741, Δdf = 24, p = .897. This indicates 
that constraining the correlations to manifest the unity-
towards-diversity pattern in the way described above fits the 
data equally well as the unconstrained model. A full table of 
nested-model test results can be found in Table 3, and the 
final constrained values for the variance and correlation of 
our latent parameters can be found in Table 4. All the factor 
loadings over time are presented in Supplementary 
Appendix B2, and the unconstrained correlation matrix can 
be found in Supplementary Appendix C2.

Discussion

Experiment 2 partly replicated the results of Experiment 1 
with new participants and with a slightly different set of 
WM tasks. The most clearcut difference was that the latent 
factors could not be fitted with a model exhibiting unity at 
the first timepoint. The detailed analysis revealed that this 
was due to the n-back task being separated from the other 
WM task paradigm factors, whereas those other factors 
indicated relative task-initial unity. In other respects, the 
results were in line with the relative unity-towards-diver-
sity hypothesis, with diversity of the latent paradigm-spe-
cific factors increasing over time.

One potential reason for this difference in the outcomes 
of Experiments 1 and 2 may lie in the tasks. In Experiment 
1, each task type included spatial stimuli, but in Experiment 
2, no spatial stimuli were included. There is evidence that 
spatial tasks rely more on executive processes than do ver-
bal tasks, which could be reflected as higher task-initial 
latent factor intercorrelations in Experiment 1 (Miyake 
et al., 2001). However, this does not imply that the general 
factor would be solely driven by the spatial tasks in 
Experiment 1, because that would have led to a failure to 
find any unity in Experiment 2 which did not include spa-
tial tasks. Instead, inclusion of the spatial tasks could have 
enhanced initial task loadings on general executive pro-
cesses in Experiment 1.

Post hoc analyses

Analyses without the n-back task

A general issue with both experiments is that, unlike the 
other WM tasks, n-back was adaptive, with the difficulty 
level being adjusted depending on the performance level 
of the participant. It is unclear how this might have affected 
the results. Thus, we re-ran the analyses by constraining 
the latent factor correlations one-by-one as reported above, 
but without the n-back task.

In the case of Experiment 1, the original results were 
not fully replicated, and the remaining tasks running mem-
ory and span showed a pattern of correlation from .898 
through 1.0 in the second and third task phases to .806 in 
the last task phase. Thus, although the correlations were 
strong at the initial task phases and weakest (but still 
strong) at the last task phase, in line with their expected 
attenuation over time, they could not be constrained to per-
fect unity at the initial phase. However, in Experiment 2, 
where the original analyses including the n-back factor 
failed to show a fully consistent relative unity-to-diversity 
pattern, task-initial unity was observed when n-back was 
left out of the analysis. All the remaining tasks running 
memory, span and SU could be constrained to correlate at 
one at the initial task phase, but at the second phase, the 
correlation between running memory and span dropped to 
.417 and between span and SU to .449. At the third and 
fourth task phases, all constructs had become differenti-
ated with moderate-to-strong correlations. Full tables of 
nested-model test results as well as the final constrained 
variance and correlation matrices of the latent parameters 
for both experiments without n-back can be found in 
Supplementary Appendix E.

Testing alternative models

A potential issue with the present analytical approach is that 
there can be several alternative models that fit the data equally 
well. For example, our approach does not consider a model 
where the latent factor correlations are equal between the time 
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points, whatever their estimated value may be. Note that such 
a model would not address our relative unity-towards-diver-
sity hypothesis, but it could be considered as one possible 
competing model that reflects a static view of the mental 
architecture underlying task performance. Thus, we analysed 
whether it is possible to constrain all the covariances to equal-
ity between all the task phases (equality model), whatever the 
strength of the correlations would be. This model did not pro-
duce a significant misfit as compared with the strong invari-
ant model in Experiment 1 (Δχ2 = 10.149, p = .339, CFI = .976, 
TLI = .972, RMSEA = .025, SRMR = .051) or in Experiment 2 
(Δχ2 = 23.712, p = .165, CFI = .973, TLI = .964, RMSEA = .034, 
SRMR = .052). In Experiment 1, the latent factor intercorrela-
tions estimated in this way were between .693 and .934. In 
Experiment 2, they were between .603 and .741 for all the 
other tasks except for n-back, where they were between .421 
and .496.

Given the adequate fit for the Equality model, we also 
tested a further model that constrained covariances to unity 
at the first time point and to equality at the following time 
points. This Unity to Equality model can be considered as 
a variant of our relative unity-towards-diversity hypothe-
sis. For the first experiment, the Unity to Equality model 
did not fit significantly worse than the unconstrained 
model (Δχ2 = 3.262, p = .953, CFI = .977, TLI = .973, 
RMSEA = .024, SRMR = .050), unlike in the second exper-
iment where misfit was observed (Δχ2 = 88.204, p = .000, 
CFI = .957, TLI = .942, RMSEA = .043, SRMR = .070).

The two post hoc models cannot be directly contrasted 
as they are not nested, but we may compare their fit indi-
ces. In the first experiment, both the Equality model and 
the Unity to Equality model showed adequate fit, but the 
misfit was less for the Unity to Equality than for the 
Equality model, as indicated by better fit indices. The 
Unity to Equality model had better (lower) Akaike infor-
mation criterion (AIC) and Bayesian information criterion 
(BIC) values (AIC = 15396.488, BIC = 16116.108) than the 
Equality model (AIC = 15403.376, BIC = 16122.996). This 
is in line with our hypothesis. In contrast, in the second 
experiment, the Unity to Equality model showed misfit 
unlike the Equality model, which could be taken to reflect 
the fact that for this experiment, task-initial unity was only 
partial, as described in 3.5 above.

General discussion

This study addressed a fundamental yet mostly implicit 
assumption in cognitive testing, namely that the cognitive 
processes underlying complex task performance remain 
static throughout the whole task. In contrast, the cognitive 
skill learning view implies that performing a task is an 
adaptive learning process that proceeds from a heavy 
engagement of task-initial general metacognitive and 
executive control processes towards more automatic and 
task-specific ones (Ackerman, 1988; Chein & Schneider, 

2012; Schneider & Chein, 2003; Schneider & Shiffrin, 
1977; Shiffrin & Schneider, 1977). Here, we applied this 
approach for the first time to widely used WM tasks by 
examining possible latent structure changes during task 
performances that take only a few minutes. The results of 
the main analyses from the two independent data sets in 
Experiments 1 and 2 were for the most part consistent with 
our relative unity-towards diversity hypothesis. The only 
exception to this pattern was n-back in Experiment 2 that 
differentiated from the other factors already at the initial 
task phase.

Thus, in line with the cognitive skill learning framework, 
the findings of our main analyses suggest a change from a 
high task-initial engagement of general metacognitive and 
executive control processes towards more task-specific ones 
later on. It appears that in the present WM tasks, the initial 
high engagement of general resources is quite short-lived, as 
the paradigm-specific factors could be constrained to unity 
only at the initial task phase, showing diversification 
thereon. This rather fast change is supported by independent 
evidence from previous microgenetic studies that focused 
on spontaneous strategy use in different memory tasks 
(Laine, Fellman, et  al., 2024; Laine, Jylkkä, et  al., 2024; 
Waris, Fellman et  al., 2021; Waris, Jylkkä et  al., 2021). 
These studies show that many participants generate and use 
strategies right from the first task block and the rates of 
changes in strategies are highest between the first two to 
three blocks of a task, suggesting intensive engagement of 
metacognitive and executive control at the task-initial 
phases. Thereafter, use of memory strategies becomes more 
stable while performance is steadily enhanced. This could 
reflect increased routine in the employment of the strategies 
in a specific memory task.

The results of our main analyses can be compared with 
earlier studies that have examined WM latent factor inter-
correlations in the context of WM training (De Simoni & 
von Bastian, 2018; Meiran et  al., 2019). De Simoni and 
von Bastian observed a pre-post decrease in the correlation 
between their WM-related latent factors binding and 
updating (from .91 to .75; see Figure 3 in their paper). 
Meiran and colleagues analysed training session data from 
the experiment of De Simoni and von Bastian by looking 
into the change of shared variance across the training ses-
sions within the groups that trained binding and updating 
tasks, respectively. More specifically, they analysed the 
similarity of the rank-ordering of the individual differ-
ences on their four binding or updating training tasks in 
each session. Their principal components analysis showed 
a gradual increase of the eigenvalue of the first compo-
nent, indicating increased similarity of performance as the 
training progressed (binding tasks for one training group, 
updating tasks for another). These results would thus sug-
gest that repeated practice leads to a more similar process-
ing within a WM task paradigm, while processing between 
task paradigms diverges over time. However, it must be 
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emphasised that these studies are not directly comparable 
to ours, as their time scale was very different. It spanned 
several weeks, whereas our time scale was at the level of 
minutes.

Findings of the post hoc analyses

In our analyses, the adaptive nature of the n-back task 
could have resulted in it behaving differently from the 
other tasks. Thus, a post hoc analysis was conducted with-
out the n-back task. In Experiment 1, this resulted in fail-
ure to replicate the relative unity-towards-diversity pattern, 
although the remaining task paradigm factors were still 
highly correlated and the correlation was lowest at the last 
task phase. In contrast, in Experiment 2 the exclusion of 
the n-back task resulted in the relative unity-towards-
diversity pattern. This suggests that the present kind of 
analysis is sensitive to the tasks included and calls for rep-
lications with other sets of tasks.

We also examined two alternative models not specified 
in our initial hypothesis, namely a model where the latent 
factor intercorrelations were constrained to equality (what-
ever their strength) between all the task phases (the 
Equality model) and a model where the intercorrelations 
were constrained to unity at the first stage and equality at 
subsequent phases (the Unity to Equality model). Although 
the Equality model does not address our hypothesis, it 
could be taken to reflect the theoretical view where the 
cognitive processes involved in task performance are static 
over time. The Unity to Equality model, in turn, can be 
considered as a variant of our unity to diversity hypothesis. 
The Equality model did not show a significantly worse fit 
in either of our experiments. For Experiment 1, it did fare 
worse than the Unity to Equality model, but the opposite 
was true for Experiment 2 where only the Equality model 
showed adequate fit. The latter fact could be taken to 
reflect the finding of the main analysis that the task-initial 
unity in Experiment 2 was only partial, with n-back behav-
ing differently than the other tasks. All in all, as both unity-
towards-diversity (with full or partial unity) and 
equality-across-time models fit with the present data sets, 
one can conclude that while attenuation of the latent factor 
intercorrelations across the time does take place as our 
hypothesis states, this attenuation is limited. The overall 
high latent factor intercorrelations also reflect the fact that 
all our tasks represented a single cognitive domain, WM. 
The relative unity-towards-diversity hypothesis is not tied 
into WM domain only, and it is possible that this pattern, if 
replicated, would be more evident with a set of executive 
tasks that represent multiple executive task domains.

Limitations

An important limitation is that our analytical method 
(LSEM) can only yield indirect evidence of the processes 
underlying task performance. Based on the cognitive skill 

learning framework, we assume that a relative task-initial 
unity in the latent factors reflects a strong engagement of 
metacognitive and executive control processes, whereas a 
gradually emerging diversity reflects a shift towards more 
automatic, task-specific lower-level processes (Chein & 
Schneider, 2012; Taatgen, 2013). Confirming this pre-
sumption would benefit from more direct measures of the 
underlying processes. As to the hypothesised buildup of 
partial automaticity, one possibility could be to follow-up 
the speed of the basic stimulus-response mapping required 
to perform the task. To take a concrete example, in an 
experiment consisting of adaptive n-back tasks, one could 
employ intermittent 1-back blocks that have a minimal 
WM load and track whether the reaction times are speeded 
up over the course of the experiment. This could tap on the 
emergence of task-specific automatic production rules at 
the sensory-motor level (Taatgen, 2013). Another possible 
option would be to use a simple intermittent secondary 
task. Due to the hypothesised initial high executive load on 
the complex and unfamiliar primary task, the secondary 
task should create clear interference early on. However, 
this interference effect should be attenuated over time, 
reflecting increase in executive resources that are freed for 
the secondary task.

Another potential limitation relates to probable inter-
task and interindividual differences in when the peak exec-
utive load occurs. To take an example of the former, in 
simple span tasks, executive load can be expected to be 
weaker than in more complex WM tasks and arguably 
peaks at an early stage, whereas more complex WM tasks 
assumedly load on the executive system for a longer 
period. The length and intensity of executively taxing task-
initial periods may also vary considerably between partici-
pants. The current analytical method with rough splits of 
the task periods at a group level does not fully take these 
factors into account. This problem is augmented by the 
existence of customary practice trials (the number of 
which depends on individual performance) for the nona-
daptive WM tasks. Hypothetically, the existence of prac-
tice trials should lead to a buildup of task-specific routines 
earlier on and should work against our hypothesis, leading 
to an underestimation of the relative task-initial unity. 
Multilevel methods where individual slopes for tasks and 
participants can be specified could aid in detecting such 
effects, but to our knowledge, this is not possible in latent 
factor analyses. A related limitation is that the time resolu-
tion in our analysis is somewhat coarse. This limitation is 
due to the use of SEM, which is based on individual differ-
ences and requires a relatively large number of observa-
tions per time point.

A technical limitation of this study pertains to reliability 
which appeared to be poor for several of the constructs at 
various time points across both experimental conditions, 
as assessed using McDonald’s omega coefficient. 
However, while reliability can be informative of the per-
formance of the indicators of a construct, the reliability of 
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the indicator does not dictate its viability for measuring an 
underlying construct in an SEM framework (Little et al., 
1999). Simulation studies have demonstrated that items 
with poor psychometric properties such as low reliability 
can produce accurate estimates of the underlying variance 
and covariance structure of the latent constructs as long as 
they sufficiently cover the underlying construct space, 
yield sufficient variability on the construct as demon-
strated by the significance of their loadings, and are ana-
lysed in the context of SEM to accurately model and 
disassociate the reliable variance from the unreliable vari-
ance (Little et al., 1999). There was indeed variability, and 
the loadings were significant, but it could still be argued 
that the small number of observations per time point in this 
study poses the risk of not sufficiently covering the con-
struct space.

The tasks of this study stem from previous cognitive 
training studies designed for other purposes, and at least, 
some of the tasks may not be ideal for the present type of 
analysis. For example, the present n-back tasks were adap-
tive which lessens the degree to which they can be automa-
tised, there were practice rounds that decreased task 
novelty prior to the initial measurement phase, and span 
length variation between trials in the span tasks added var-
iability to the results. Moreover, the length of the tasks var-
ied substantially, with the n-back task being the longest 
one due to its adaptivity. These factors should be consid-
ered in future studies. The fact that the main results were 
nevertheless largely replicated in two independent data 
sets with partly different sets of tasks is nevertheless posi-
tive. Moreover, omitting n-back from the analyses did not 
systematically change the overall pattern, which became 
less consistent with the hypothesis in Experiment 1, but 
more consistent in Experiment 2.

A more specific interpretational issue is what the rela-
tive unity at the initial task phases reflects. In line with the 
cognitive skill learning view, we have hypothesised that it 
reflects heavy engagement of the metacognitive system 
(e.g., strategy generation, task initiation, and monitoring) 
and executive control (e.g., attention allocation and pro-
cess sequencing for the adopted performance strategies, 
performance monitoring, and adjustment). It is worth not-
ing that the unity cannot indicate fully shared cognitive 
processes between the tasks (hence, the use of the term 
“relative unity” in this article), given their structural differ-
ences and different stimulus materials, which necessitate 
the engagement of task-specific sensory-motor systems 
right from the start. Thus, a full unity at the level of cogni-
tive processes is not what the present analyses suggest, but 
instead that the different tasks can be considered to form a 
psychometrically unitary construct. This is a general fea-
ture of the SEM method and not specific to this study. For 
example, verbal and spatial intelligence tasks often form a 
single construct (Meiran et al., 2019), but this obviously 
does not imply that the underlying cognitive processes 
would be identical.

A related question is what the paradigm-specific fac-
tors, differentiating in the subsequent task phases, are 
reflecting. This cannot be answered based on the present 
results alone, but it can be hypothesised that they implicate 
an increasing role of cognitive processes that are specific 
to the task structure. This could be explicated in terms of 
Taatgen’s (2013) primitive information processing ele-
ments (PRIM) model. Any task typically requires several 
such elements, and their consecutive employment requires 
executive control when a task is novel. However, through 
learning the elements can be clustered into “production 
rules” that enable more effortless and automatic perfor-
mance of several processing elements in a row (see Figure 
3 in Taatgen, 2013). The diversification of the latent con-
structs into paradigm-specific factors in this study could 
reflect such a process. However, the formation of the para-
digm-specific factors does not imply that the processes 
would be identical between the task variants that form the 
factor or that the process would be completely automatic. 
The differences are gradual, not absolute, and it seems evi-
dent that a complex WM task can never become fully 
automatic.

Assuming that the progress from more task-general 
towards more task-specific processes reflects acquisition 
of new cognitive skills geared to the tasks, one could ask 
why this is not seen in increased mean performance over 
the four time points. A possible reason for this is a phe-
nomenon coined as “utilisation deficiency” where partici-
pants employing a memory strategy benefit from it in their 
recall performance not until later. Although utilisation 
deficiency has been examined mostly in children, it has 
also been documented in adults facing a novel and demand-
ing memory task (Gaultney et al., 2005). Implementation 
of newly developed strategies can initially be too effortful 
to facilitate performance but over time, repeated practice 
leads to improved memory performance, as is also evi-
denced by participants’ subsequent progress on the trained 
WM tasks in the intervention studies wherefrom our data 
was taken (Fellman et al., 2020; Ritakallio et al., 2022).

Study implications

The present results, while preliminary and in need of rep-
lication, imply that the skill learning approach could be 
relevant also to other complex cognitive tasks than WM 
measures. In their highly influential factor analysis of a 
battery of executive function tasks, Miyake and colleagues 
(2000) divided executive functions into three latent fac-
tors, namely inhibition, shifting, and WM updating/moni-
toring. Future research should run the present type of 
analyses with the kinds of tasks that Miyake and colleagues 
used. Whereas they employed summative scores and found 
that the executive functions system shows both unity and 
diversity (in that there are separable but correlated fac-
tors), we would expect that the inclusion of the temporal 
dimension would reveal a shift from task-initial relative 



16	 Quarterly Journal of Experimental Psychology 00(0)

unity towards diversity as the tasks progress. If this holds, 
the practical implication would be that initial performances 
on complex tasks are better indicators of executive func-
tioning than summative scores (for a recent attempt in this 
direction, see Nordenswan et al., 2020). All in all, we agree 
with Gonthier and Roulin (2020) that time-structured 
intraindividual performance variability should be taken 
better into account during cognitive testing. Performing a 
cognitive task partly creates what is being measured, as the 
cognitive system adapts to the test, in line with theories of 
situated or embodied cognition (Anderson, 2014).
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