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Abstract
The n-back task is a widely used behavioral task for measuring working memory and the ability to inhibit interfering infor-
mation. We develop a novel model of the commonly used 2-back task using the cognitive psychometric framework provided 
by Multinomial Processing Trees. Our model involves three parameters: a memory parameter, corresponding to how well an 
individual encodes and updates sequence information about presented stimuli; a decision parameter corresponding to how 
well participants execute choices based on information stored in memory; and a base-rate parameter corresponding to bias 
for responding “yes” or “no”. We test the parameter recovery properties of the model using existing 2-back experimental 
designs, and demonstrate the application of the model to two previous data sets: one from social psychology involving faces 
corresponding to different races (Stelter and Degner, British Journal of Psychology 109:777–798, 2018), and one from cogni-
tive neuroscience involving more than 1000 participants from the Human Connectome Project (Van Essen et al., Neuroimage 
80:62–79, 2013). We demonstrate that the model can be used to infer interpretable individual-level parameters. We develop 
a hierarchical extension of the model to test differences between stimulus conditions, comparing faces of different races, 
and comparing face to non-face stimuli. We also develop a multivariate regression extension to examine the relationship 
between the model parameters and individual performance on standardized cognitive measures including the List Sorting 
and Flanker tasks. We conclude by discussing how our model can be used to dissociate underlying cognitive processes such 
as encoding failures, inhibition failures, and binding failures.

Keywords n-back task · 2-back task · Multinomial processing trees · Psychometric models · Bayesian methods · Human 
Connectome Project

Introduction

The n-back task, introduced by Kirchner (1958) and Mack-
worth (1959), is a widely used behavioral task for measuring 
working memory and the ability to inhibit interfering infor-
mation. In a standard n-back task, a participant is presented 

with a series of stimuli and is required to respond “yes” if 
the current stimulus is the same as one presented n positions 
earlier in the sequence. This requires remembering earlier 
stimuli, so that correct “yes” responses can be produced, 
but also requires not responding “yes” when the current 
stimulus matches one that was recently presented, but not 
exactly n positions earlier. As Coulacoglou and Saklofske 
(2017, Chapter 5) note: the n-back task “requires not only 
the storage and continual updating of information in [work-
ing memory], but also interference resolution.”

When used to measure working memory capacity in the 
context of cognitive training, the n-back task is often applied 
adaptively, so that the value of n changes over experimental 
blocks depending on participant performance (e.g., Au et al. 
2015; Jaeggi et al. (2008). In more general psychometric 
and cognitive neuroscience applications, the value of n is 
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often fixed, with 2-back tasks being the most common.1 
Examples of the use of 2-back tasks include studies of aging 
(Schmiedek et al., 2009), depression (Harvey, 2005), and 
psychosocial stress (Schoofs et al., 2008). The 2-back task 
is also one of the most widely used paradigms for measuring 
working memory in human neuroscience research (Cai et al., 
2021; Owen et al., 2005).

Previous Cognitive Models

A number of cognitive models of n-back task behavior have 
been developed. Most of these models aim to provide a 
detailed account of behavior, but draw on different cogni-
tive modeling frameworks. Examples include non-linear 
dynamic models based on catastrophe theory (Guastello 
et  al., 2015), cognitive architectural models based on 
ACT-R (Juvina and Taatgen, 2007), detailed cognitive 
processing models based on the HY-GENE hypothesis gen-
eration framework (Harbison et al., 2011), and a number 
of connectionist models (Chatham et al., 2011; Sylvester 
et al., 2013).

There are fewer models of the n-back task that could be 
considered as psychometric or measurement models. Such a 
model could be very useful in psychometric studies, which 
usually involve a battery of cognitive tests and observed 
covariates such as clinical diagnoses and demographic 
measures. In most studies, the results of n-back tasks are 
summarized in terms of overall accuracy, or in terms of hit 
and false alarm rates. These measures are then modeled sta-
tistically, such as by regressing on the covariates or using 
factor analysis (e.g., Patterson 2009; Rac-Lubashevsky and 
Kessler 2016).

An empirical approach for dissecting behavioral meas-
ures into cognitive sub-processes is presented by Rac-Luba-
shevsky and Kessler (2016). These authors did not develop 
cognitive models, but instead used an additional experimen-
tal reference task to make inferences about underlying mem-
ory and decision-making processes. The approach builds on 
a basic literature in studying the components of working 
memory updating (e.g., Ecker et al., 2010), using a subtrac-
tive logic in comparing reference and n-back task behavior.

Current Aims

Our goal is to build a simple process model that can act 
as a cognitive psychometric measurement model, without 

the need for additional experimentation. The focus is on 
being able to infer interpretable parameters corresponding 
to the memory and decision-making properties of individu-
als in completing the 2-back task. The model we develop 
is based on the two-high threshold Multinomial Processing 
Tree (MPT) model of recognition memory tasks (Batch-
elder and Riefer, 1999; Erdfelder et al., 2009). n-back tasks 
can be conceived as a sequence of inter-dependent recog-
nition memory tasks. Rather than having separate “study” 
and “test” phases, a single sequence of stimuli is presented, 
with “test” stimuli becoming “study” stimuli n presentations 
later in the sequence. Thus, our model of the 2-back task 
involves the same recognition decision processes as the two-
high threshold model, with additional assumptions about 
memory processes that maintain the encoding of the relative 
position of the stimuli throughout the sequence.

In the next section, we develop the model, including its 
implementation as a Bayesian graphical model. We then 
test the identifiability of the model in simulation studies, 
before presenting a series of applications of the model to two 
data sets. The first data set comes from a social psychology 
domain, involving an experiment in which faces of different 
races are presented (Stelter and Degner, 2018). The second 
data set comes from a cognitive neuroscience domain involv-
ing the Human Connectome Project (Van Essen, 2013), 
which contains 2-back data from over 1000 participants 
along with a battery of standardized neuropsychological 
measures including List Sorting and Flanker tasks (Barch, 
2013). For both data sets we demonstrate how the model 
can measure individual memory and decision-making with a 
latent-mixture extension to detect contaminant behavior, and 
how it can test for group or condition differences through a 
hierarchical extension. For the Human Connectome Project 
data, we also develop a multivariate regression extension of 
the model to allow the relationship between model param-
eters and observed neuropsychological measures from other 
cognitive tasks to be inferred. We conclude with a discussion 
of limitations and possible extensions of the model.

Multinomial Processing Tree Model

In this section, we develop a MPT model of 2-back behav-
ior. We begin with the conceptual framework for n-back 
tasks, then formalize the 2-back model specified by this 
framework.

Conceptual Model

Figure 1 provides a graphical representation of the con-
ceptual framework for our model. It shows four stimulus 
sequences that identify four different cases in 2-back tasks. 
The top-left panel shows the sequence ABCD, with the 

1 We do not include the 0-back task in this analysis, even though it 
is also widely used as a control for the 2-back task. The 0-back task 
requires participants to remember the same stimulus throughout 
a sequence and respond “yes” whenever the stimulus is presented 
again. This does not require the updating of position information, nor 
create the possibility of interfering information, that is fundamental to 
n-back tasks.
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current stimulus being the final D. Since D does not appear 
earlier in the sequence there is no possibility it has been 
encoded in memory. We call this case Ω-ago (read “null-
ago”) because the test stimulus has not been presented 
recently enough for the possibility that it is in memory to 
be considered. In the absence of any memory signal, our 
modeling framework assumes a decision process operates 
with a base-rate of giving the correct “no” answer.

The top-right panel shows the sequence ABCC. Since the 
current stimulus C is presented one position earlier, there is 
a possibility of a memory signal. The arrow shows the pos-
sible encoding of the previous C in a slot that indicates it was 
presented 1-ago. The red circle indicates that this encoding 
sends a signal that the previous presentation was not 2-ago. 
Our model assumes that either the encoding does happen, 
in which case the “no” signal is executed with some level 
of accuracy, or the encoding does not happen, in which case 
the same base-rate decision process as for Ω-ago applies.

The bottom-left panel shows the sequence ABCB. This 
is the 2-ago situation for which the correct response is 
“yes”. The arrow shows the initial encoding of the earlier 
B after it was presented. At that stage in the sequence, it 
is encoded as 1-ago relative to the subsequent C. As the 
B is then presented, memory is potentially updated. The 
solid arrow shows this updating, with the B now correctly 
encoded as 2-ago. In this case, the memory signal is for 
a “yes” response, indicated by the green circle. It is also 
possible, however, that the position of the encoded B is not 
updated, and it continues to be considered as 1-ago. This 
failed updating is shown by the broken arrow. Thus, overall, 
there are three possibilities: the B may not be encoded at all, 

it may be correctly encoded as 2-ago, or it may be incor-
rectly encoded as 1-ago.

Finally, the bottom-right panel shows the sequence ABCA. 
After the original encoding of the A there are two poten-
tial updates of its position as the C and subsequent A are 
presented. Solid and broken arrows again indicate correct 
and failed updating, leading to the possibility of A being 
encoded as 3-, 2-, or 1-ago. Note that there are multiple 
routes through which the initial A can be incorrectly encoded 
as 2-ago at the time the current A is presented. This creates 
the possibility of interference, in which memory signals an 
incorrect “yes” response. Overall, for the 3-ago case, there 
are four possibilities: the A may not be encoded at all, it may 
be encoded correctly as a 3-ago or incorrectly as a 1-ago, 
both of which signal a “no” response, or it may be encoded 
incorrectly as a 2-ago to signal a “yes” response.

Formalization as a Multinomial Processing Tree

Figure 2 formalizes the 2-back task using standard prob-
ability tree notation for the Ω -, 1-, 2-, and 3-ago cases. The 
probability of encoding a presented stimulus and success-
fully updating its encoded position is represented by the 
memory parameter � . The probability of executing the signal 
provided by a remembered stimulus is represented by the 
accuracy-of-execution decision parameter � . The probabil-
ity of responding “no” when there is no memory signal is 
represented by the base-rate parameter �.

The four decision trees in Fig. 2 correspond to the four 
cases described in Fig. 1. The trees quantify the probability 
of “yes” and “no” responses in each of the four cases in 

Fig. 1  Conceptual framework 
for a model of 2-back task 
behavior. As the stimulus 
sequence is presented, stimuli 
are encoded and their positions 
updated. Decisions are made 
about the current stimulus based 
on the encoded stimuli and their 
positions
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terms of the memory and decision parameters � , � and � . In 
the Ω-ago case, the probability of a “yes” response in the 
Ω-ago case depends only on the base-rate. We denote this 
probability �1 , and it is simply given by

In the 1-ago case with the sequence ABCC, a “yes” response 
could be generated either by remembering the previous C 
with probability � but then inaccurately executing its signal 
with probability 1 − � , or by failing to encode the C with 
probability 1 − � and then producing a “yes” response fol-
lowing the base-rate probability 1 − � . Thus, the overall 
probability of a “yes” response in the 1-ago case is

The probabilities of a “yes” response for the other cases 
can similarly be determined by adding the products of 

(1)�1 = 1 − � .

(2)�2 = �(1 − �) + (1 − �)(1 − �).

probabilities of branches through the trees that terminate in 
“Y” nodes. For the 2-ago case, it is

and for the 3-ago case it is

Graphical Model Implementation

Figure 3 shows a graphical model implementation of the basic 
2-back model just described. Graphical models are a language 
for representing probabilistic generative models developed in 
statistics and computer science (Jordan , 2004; Koller et al. , 
2007), and are increasingly widely used in cognitive science 
(Lee and Wagenmakers , 2013). In graphical models, nodes 

(3)�3 = �2� + �(1 − �)(1 − �) + (1 − �)(1 − �),

(4)
�4 = �3(1 − �) + 2�2(1 − �)� + �(1 − �)2(1 − �) + (1 − �)(1 − �).

Fig. 2  MPT model of the 
2-back task, represented in 
terms of the Ω -, 1-, 2-, and 
3-ago cases

Fig. 3  Graphical model repre-
sentation of the basic 2-back 
MPT model
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represent parameters and data, and the graph structure shows 
how they depend on each other.

The three model parameters � , � , and � are shown at the 
top of Fig. 3. They are circular nodes, because they are con-
tinuously valued, and they are unshaded, because they are 
latent or unobserved. The data are shown by the yt node 
for the tth trial, with yt = 1 indicating a “yes” response 
and yt = 0 indicating a “no” response. This node is square, 
because the values are discrete, and shaded, because the data 
are observed.

The model assumes the memory and decision parameters 
generate the observed behavioral data following the trees in 
Fig. 2. The probability of “yes” response on the tth trial is 
represented by �t , which takes the different values given in 
Equations 1–4 depending on whether the stimulus presented 
corresponds to a Ω -, 1-, 2-, or 3-ago case. This information 
is represented by the discrete observed variable st , which 
takes the values 1, 2, 3, and 4, respectively. The dependence 
of the �t response probability on the parameters � , � , and � 
and the state st is indicated by the �t node being the child 
of these other four parent nodes. The fact that the response 
probability is completely determined as a function of these 
other nodes is indicated by the double border around the �t 
node. Given this response probability, the observed response 
on the tth trial is given by yt ∼ Bernoulli

(

�t
)

 and the model 
is completed by uniform priors on the memory and decision 
parameters �, � , � ∼ uniform

(

0, 1
)

.
We implemented all of the graphical models in this 

article in JAGS (Plummer, 2003), which provides a high-
level scripting language, and automates the application 
of Markov-chain Monte Carlo methods for computational 
Bayesian inference. The convergence of these chains was 
checked via visual inspection and the standard R̂ statistic 
(Brooks and Gelman, 1997). Our results are based on 1000 
or 2000 samples collected from each of 8 independent chains 
after up to 10,000 burn-in samples were discarded. For some 
applications the chains were thinned by a factor of 5.

Parameter Recovery Study

In this section, we examine some properties of the basic 
model in Fig. 3 using simulated data. Parameter recovery 
studies, in which the inferences of a model are compared to 
the known values that generated simulated data, are widely 
used in cognitive modeling. Their value as tests of mod-
els is often misunderstood (Evans & Brown 2018, p. 594; 
Lee 2018, pp. 42–43; Lee et al. 2019, Appendix B), but 
they are useful for some important purposes. Parameter 
recovery studies provide no information about the valid-
ity of a model and do not evaluate the assumptions of a 
model. They can, however, serve as checks on the correct-
ness of implementation of a model, help diagnose potential 

identifiability issues with a model, and provide insight into 
whether behavioral data collected under specific experi-
mental designs are likely to be informative enough to lead 
to useful model inferences. Our parameter recovery study 
addresses these three goals.

We simulated data from eight groups with ten partici-
pants each. The groups varied systematically in the � , � , 
and � values assigned to participants. Participants in four of 
the groups had high base-rate � values between 0.9 and 1, 
while the other four groups had low base-rates between 0.5 
and 0.6. Within each of these sets of four groups, we used a 
2 × 2 design with high and low values of the � memory and 
� decision parameters. Once again, high values were between 
0.9 and 1 and low values were between 0.5 and 0.6. We 
simulated data with each participant doing 50 experimental 
blocks. This corresponds to a realistic but extensive behav-
ioral experiment.

We used three different task structures for the specific 
sequences of stimuli within each block. The first design used 
artificially created sequences of length 15. The sequences 
were designed so that there were significant numbers of Ω -, 
1-, 2-, and 3-ago cases. Specifically there were about 58% 
Ω-ago trials, 12% 1-ago trials, 17% 2-ago trials and 13% 
3-ago trials. The second design used the length 10 stimulus 
sequences from the 2-back task in the Human Connectome 
Project (Van Essen, 2013). These sequences have about 
64% Ω-ago trials, 11% 1-ago trials, 20% 2-ago trials and 
5% 3-ago trials. The third design used the length 22 stimu-
lus sequences from the 2-back task of Stelter and Degner 
(2018). This design is more problematic, with about 72% 
Ω-ago trials, 27% 2-ago trials, and fewer than 1% of both 
1-ago and 3-ago trials.

Figure 4 summarizes the results of the recovery study. 
The left, middle, and right columns correspond to the arti-
ficial, Human Connectome Project, and Stelter and Degner 
(2018) designs, respectively. The top two rows show inferred 
joint posterior distributions of the � memory parameter 
against the � decision parameter and the � base-rate param-
eter. Markers indicate posterior means for each participant 
and error bars show interquartile credible intervals. The 
marker colors and shapes indicate the group membership of 
each participant. For the artificial and Human Connectome 
Project designs, it is clear that the model inferences gener-
ally match the ranges of generating parameter values for 
the groups. The closest match is when all three parameters 
have high probabilities. There is less close agreement when 
both � and � have smaller probabilities. For the Stelter and 
Degner (2018) design, recovery is less effective. The differ-
ence seems likely to be caused by the very small number of 
1-ago and 3-ago trials.

The bottom row in Fig. 4 provides a posterior predictive 
check of the descriptive adequacy of the model. Markers 
correspond to each group and each of the Ω -, 1-, 2-, and 
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3-ago cases, showing the probability of a “yes” response 
given by the model’s posterior predictive distribution and 
the observed frequency of “yes” responses in the simu-
lated data. There is very good agreement for all of these 
probabilities using the artificial and Human Connectome 
Project designs. Using the Stelter and Degner (2018) 
design leads to lower agreement, but we conclude that the 
model shows acceptable levels of descriptive adequacy for 
all three designs.

Overall, the parameter recovery study shows that the 
model is able to infer structured variation in the memory 
and decision parameters and is descriptively adequate. 
These results provide evidence that the model is iden-
tifiable and useful with respect to the experimental 
designs considered. The relatively worse performance 
using the Stelter and Degner (2018) design highlights 
the need to include all of the cases considered by the 
model, and more generally emphasizes the importance 
of experimental design in allowing model-based infer-
ences (Cavagnaro et al., 2010; Cavagnaro et al., 2011; 
Myung et al., 2013).

Applications to Stelter and Degner (2018)

As a first set of applications of the model, we consider 
an experiment conducted by Stelter and Degner (2018). 
These authors used the n-back task as one of a set of tasks 
to investigate differences visual working memory between 
in-group and out-group face stimuli. We first show how 
the model can measure the memory and decision-making 
properties of individuals, and then show how it can test 
for differences with respect to the two face conditions. 
Specifically, we consider the data from all 52 participants 
in Stelter & Degner (2018, Experiment 1), which used 
an adaptive n-back procedure for blocks of 15 white and 
middle eastern faces. Because of this design, different par-
ticipants completed different numbers of 2-back blocks, 
with a minimum of 1, a maximum of 10, and a mean of 
3 blocks.

Measurement of Individuals

Model To apply the model to measure the memory and deci-
sion-making properties of individuals in an experimental 

Fig. 4  Summary of model infer-
ences for simulated data with 
individual differences, based on 
artificial, Human Connectome 
Project (HCP) and Stelter and 
Degner (2018) (S&D 2018) 
experimental sequences
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setting, we extend the basic model to allow for the possibil-
ity of contaminant behavior using a latent-mixture approach 
(Zeigenfuse and Lee, 2010). Each participant is assumed 
either to make decisions according to the model on all trials, 
or to guess by responding “yes” with some fixed probabil-
ity on all trials. If the ith participant uses the model their 
parameters are �i , �i , and �i , but if they guess their fixed 
probability is �i . Which of the two possibilities is followed 
is determined by the indicator parameter zi , with zi = 1 
indicating model-based responses and zi = 0 indicating the 
contaminant guessing responses. The indicator parameters 
are sampled as zi ∼ Bernoulli

(

�
)

 where � is a population 
base-rate of contaminant participants with uniform prior 
� ∼ uniform

(

0, 1
)

.
The graphical model for this latent-mixture extension 

is shown in Fig. 5. Note that an abbreviation is used with 
�it = 2back

(

�i, �i, �i, si
)

 indicating the selection of the appro-
priate model response probability for �it depending on the 
case of the current trial.

Result All of the participants were inferred to use the model 
rather than the contaminant guessing process. The posterior 
means of the zi parameters were all greater than 0.99 and 
the base-rate � was similarly high with a mean of 0.98 and 

95% credible interval (0.93, 1.00) . This result provides some 
additional evidence of the adequacy of the model in account-
ing for participants’ behavior. The contaminant model also 
provides a general approach that can be used in any analy-
sis where it is possible some participants do not follow task 
instructions, or fail to perform in a motivated way.

Figure 6 shows the inferred model parameters for all 52 
participants. The two panels summarize the joint posterior 
distributions between � and � and between � and � . Markers 
correspond to posterior means and error bars show inter-
quartile credible intervals. The posterior means show that a 
range of values is inferred, indicating the presence of indi-
vidual differences. The credible intervals show significant 
uncertainty in these inferences, especially for the � memory 
and � decision parameters. This is consistent with the rela-
tively limited 2-back data for each individual.

Participants 22 and 47 are highlighted to demonstrate the 
individual differences. Participant 22 completed 10 blocks 
with an overall accuracy of 83%. Participant 47 completed 9 
blocks and also had an overall accuracy of 83%. While their 
number of blocks and overall accuracies are very similar, 
their accuracies for the different cases are different. Partici-
pant 22 had accuracies of 91%, 100%, 61%, and 100% for 
Ω -, 1-, 2-, and 3-ago cases, respectively, while Participant 

Fig. 5  Graphical model repre-
sentation of the latent-mixture 
contaminant version of the 
2-back model applied to data 
from Stelter and Degner (2018)

Fig. 6  Results for the 2-back 
conditions in Stelter and Degner 
(2018). The left panel shows 
the joint posterior between the � 
memory and � decision param-
eters. The right panel shows 
the joint posterior between 
the � memory and � base-rate 
parameters. Points show poste-
rior means and error bars show 
interquartile credible intervals. 
Two illustrative participants are 
highlighted in dark blue
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47 had accuracies of 90%, 50%, 69%, and 0%. The 1-ago 
and 3-ago cases are based on relatively few trials, because 
of the limitations of the experimental design. Nevertheless, 
these patterns suggest that Participant 22 is less accurate in 
identifying target 2-ago stimuli but more accurate in avoid-
ing “yes” responses for interfering 1-ago and 3-ago matches.

The inferred � memory and � decision parameters for the 
two participants capture this distinction. Participant 22 has 
�22 = 0.83 and �22 = 0.80 while Participant 47 has higher 
�47 = 0.90 but lower �47 = 0.76 . Both participants have simi-
lar base-rate parameters, with �22 = 0.90 and �47 = 0.89 . The 
model-based interpretation is that Participant 47 has better 
memory encoding and updating processes, which allows for 
better detection of target 2-ago stimuli, but worse accuracy 
of execution for decisions based on memory signals, which 
leads to errors with interfering matches in neighboring 1-ago 
and 3-ago positions.

Between Condition Differences

Model To apply the model to measure differences between 
conditions, we distinguish between the in-group white and 
out-group middle eastern faces.2 The goal is to test whether 
there are differences in the condition-level means of the 
parameters for responses on trials with white versus middle 
eastern faces.

We extend the model hierarchically to allow potentially 
different overarching Gaussian distributions for the white 
and middle eastern faces. The means of these distributions 
are expressed in terms of a parameter representing the over-
all condition-level mean and a parameter representing the 
difference between the means for the two types of faces. 
For example, the overall mean for the � memory parameter 
is �� and the difference is �� . The condition means are then 
�� − ��∕2 for the white faces and �� + ��∕2 for the middle 
eastern faces, so that they differ by ��.

The memory parameter used by the ith participant for 
white faces is then sampled as

and for the middle eastern faces as

where the standard deviation �� is assumed to be the same 
for both conditions and measures the extent of individual 
differences within the conditions. The T(0, 1) notation 
denotes truncation to keep the parameters in their valid 
range as probabilities. The overall mean, difference, and 
standard deviation are given the priors �� ∼ uniform

(

0, 1
)

 , 
�� ∼ Gaussian

(

0, 1∕0.32
)

 , and �� ∼ uniform
(

0, 1
)

 . The � 
decision and � base-rate parameters are modeled in the same 
way at the condition and individual level.

Figure 7 shows the graphical model representation for 
the face condition differences application, with each of the 
parameters defined with individual differences within condi-
tions for each type of face. For the tth trial, fit = 1 indicates 
the face is white and fit = 2 indicates the face is middle east-
ern. This information is used to control whether �w

i
 , �w

i
 , and 

�w
i
∼ Gaussian

(

�� − ��∕2,
1

�2
�

)

T(0, 1),

�m
i
∼ Gaussian

(

�� + ��∕2,
1

�2
�

)

T(0, 1),

Fig. 7  Graphical model 
representation of the between-
condition differences version of 
the 2-back MPT model applied 
to data from Stelter and Degner 
(2018)

2 Stelter and Degner (2018) consider only 51 of their 52 participants, 
removing a participant for whom these in-group and out-group def-
initions are problematic. It is not clear from the raw data files who 
this participant is, so we continue to use all 52 participants. It is 
very unlikely our results would change much if this participant was 
removed.
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�w
i
 or �m

i
 , �m

i
 , and �m

i
 are used to generate response probabili-

ties according to the case of the trial. Note that the graphi-
cal model uses vectors as nodes, so that � =

(

�� ,�� ,��

)

 , 
�i =

(

�w
i
, �m

i

)

 , and so on.
Result 2 Figure 8 shows the relationship between the 

inferred model parameters for white and middle eastern faces, 
for each of the three parameters. Each panel corresponds to a 
parameter, and the main scatter plot contains circular markers 
showing the posterior means for each participant with error 
bars showing interquartile credible intervals. Most participants, 
for all three parameters, are near the dashed diagonal line at 
which the parameter values for white and middle eastern faces 
are the same. A few participants appear possibly to have dif-
ferent values for �w and �m but there is no large or systematic 
difference across the participants as a whole.

It is interesting to note that the assumption of hierarchi-
cal individual differences, in the form of an overarching 
Gaussian distribution, has affected the inferences about 
individual parameter values through hierarchical shrink-
age. This shrinkage is consistent with the uncertainty at 
the individual level shown in Fig. 6. Individual participant 
values for the � memory parameter, for example, span a nar-
rower range in Fig. 8 than they do in the non-hierarchical 
analysis shown in Fig. 6. The hierarchical assumptions do 
not prevent the model from being descriptively adequate, 
as determined by comparing the empirically observed and 
posterior predicted expected probability of “yes” responses 
for all Ω -, 1-, 2-, and 3-ago trials. The behavioral probabili-
ties are 0.07, 0.33, 0.70, and 0.41 respectively. The model 
posterior predicted probabilities are 0.07, 0.20, 0.69, and 
0.28. This level of agreement is very similar to that for the 
unconstrained model. Given the excellent agreement for the 
Ω-ago and 2-ago cases, which together constitute 98.7% of 

the trials, we regard this as an acceptable overall level of 
descriptive adequacy.

The inset axes in each panel in Fig. 8 show the prior and 
posterior distribution of the condition-level mean differ-
ence parameters. The prior is shown by the solid line and 
the posterior by the shaded region. For all three parameters, 
the posterior distributions have most of their mass close to 
the value zero, suggesting there is no difference between 
the faces in the two conditions. The Savage-Dickey method 
(Wetzels et al., 2010) provides a way to quantify this result 
by approximating the Bayes factor between the null model 
of no difference in the condition means and the alternative 
model of a difference. The Bayes factor is approximated as 
the ratio of posterior to prior density at the critical value 
� = 0 . For all three parameters, the Bayes factor favors the 
null, with values of about 3, 2, and 14 for � , � , and � respec-
tively. We interpret these results as providing weak evidence 
of no difference for the � memory and � decision param-
eters, and strong evidence of no difference for the � base-rate 
parameter. The finding of no evidence for differences due to 
the type of face, and some evidence for sameness, is consist-
ent with the results in Stelter & Degner (2018, Figure 1), 
which showed that the accuracy for the two types of faces is 
very similar for the 2-back blocks.

Fig. 8  Results for the between-condition analysis of the Stelter and 
Degner (2018) data. The left panel shows the relationship between 
the �w and �m memory parameters for white and middle eastern faces. 
Each point is a posterior mean for a participant, and error bars show 
interquartile credible intervals. The inset panel shows the prior (black 

line) and posterior (blue shaded area) distributions for the �� differ-
ence between group means. The middle and right panels show the 
same information for the � decision parameters and the � base-rate 
parameters, respectively

Applications to the Human Connectome 
Project

As a second set of applications of the model, we consider 
behavioral data from the Human Connectome Project young 
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adult data set (Van Essen, 2013).3 The Human Connectome 
Project data set contains behavioral and neuroimaging data 
from 1200 young adults on a variety of cognitive tasks 
and assessments, with the broad purpose of understanding 
human brain structure, function, and connectivity and their 
relationships to behavior. One of the Human Connectome 
Project tasks is the 2-back working memory task.

We consider three applications of our model to these 
data. The first is a measurement application, with the same 
goals as for the Stelter and Degner (2018) data. The sec-
ond is an application to between-condition differences. 
In the Human Connectome Project 2-back task, partici-
pants complete eight blocks with 10 trials each, and there 
are four types of stimuli: faces, tools, bodies, and places. 
One stimulus type is used for each block. Previous studies 
have suggested a visual short-term memory advantage for 
faces compared to non-face objects (Curby and Gauthier, 
2007). In the context of the 2-back task, no consensus has 
emerged regarding concrete performance differences in faces 
versus non-face objects, although distinct cortical regions 
have been implicated in the processing of face, body parts, 
places, and tools as stimuli (Barch, 2013). Not hampered by 
small sample sizes, the Human Connectome Project data is 
ideal to evaluate a model-based account of whether there are 
process- and performance-related differences in face versus 
non-face stimuli. Thus, we test whether there are differences 
in model parameters between the face and non-face stimuli. 
Finally, we develop a new application that regresses model 

parameters on cognitive measures derived from other tasks 
in the Human Connectome Project behavioral battery. There 
are 1082 participants in the data set with valid 2-back task 
data and complete external task measures. All three analyses 
are conducted on these participants.

Measurement of Individuals

Model We again use the graphical model shown in Fig. 5, 
including the contaminant guessing process.

Result All of the 1082 participants were again inferred to 
use the model rather than the contaminant guessing process. 
The posterior means of the zi parameters were all greater 
than 0.98 and the base-rate � has posterior density concen-
trated near 1 with a mean of 0.999 and 95% credible interval 
of (0.996, 1.000).

Figure 9 shows the inferred model parameters for all 
participants. As before, the two panels summarize the joint 
posterior distributions between � and � and between � and � . 
Markers correspond to posterior means and error bars show 
interquartile credible intervals. Markers are now colored to 
indicate three categories of accuracy, with the most accurate 
25% of participants with better than 92% correct in green, 
the least accurate 25% of participants with worse than 80% 
accuracy in red, and the remaining moderate accuracy 50% 
of participants in yellow.

It is clear that highly accurate participants have, unsur-
prisingly, both good memory and decision execution, with 
all three model parameters close to 1. As accuracy decreases, 
a range of individual differences emerges and, once again, 
there is significant uncertainty about the values of the � and 
� parameters. Participants 479 and 423 are highlighted to 

Fig. 9  Results for the 2-back task in the Human Connectome Pro-
ject. The left panel shows the joint posterior between the � memory 
and � decision parameters. The right panel shows the joint posterior 
between the � memory and � base-rate parameters. Markers show 

posterior means and are colored to indicate the 25% lowest accuracy 
(red), 50% moderate accuracy (yellow) and 25% highest accuracy 
(green) participants. Error bars show interquartile credible intervals. 
Two illustrative participants are also highlighted

3 Detailed documentation can be found at https:// www. human conne 
ctome. org/ study/ hcp- young- adult/ docum ent/ 1200- subje cts- data- relea 
se.

https://www.humanconnectome.org/study/hcp-young-adult/document/1200-subjects-data-release
https://www.humanconnectome.org/study/hcp-young-adult/document/1200-subjects-data-release
https://www.humanconnectome.org/study/hcp-young-adult/document/1200-subjects-data-release
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demonstrate these individual differences. Both completed 
the standard 8 blocks and they had accuracies of 69% and 
72% respectively. Their accuracies for the different cases 
are, however, very different. Participant 479 had accuracies 
of 82%, 78%, 19%, and 75% for Ω -, 1-, 2-, and 3-ago cases, 
respectively. This means that they missed many target 2-ago 
stimuli, but were reasonably accurate in saying “no” to non-
target stimuli. Participant 423, in contrast, had accuracies of 
86%, 11%, 81%, and 0%. This participant is better at iden-
tifying targets, but makes more errors also saying “yes” to 
interfering 1-ago and 3-ago stimuli.

The inferred � memory and � decision parameters for the 
two participants capture this distinction. Participant 479 
has �479 = 0.28 and �479 = 0.64 while Participant 423 has 
higher �423 = 0.93 but lower �423 = 0.46 . Both participants 
have similar base-rate parameters, with �479 = 0.92 and 
�423 = 0.89 . As with the previous analysis of illustrative 
participants in Fig. 6, the model-based interpretation is that 
Participant 479 has better memory encoding and updating 
processes, which allows for better detection of target 2-ago 
stimuli, but worse accuracy of execution of decisions based 
on memory signals. This inferior decision-making leads to 
errors with interfering matches in neighboring 1-ago and 
3-ago positions.

Between Condition Differences

Model We again use the graphical model shown in Fig. 7. 
The only adjustment that is needed is to define the two 

conditions. For the tth trial, fit = 1 indicates a face stimulus 
and fit = 2 indicates one of the other stimulus types.

Result 4 As before, we checked the descriptive adequacy 
of the hierarchical model. The behavioral probabilities are 
0.06, 0.10, 0.81, and 0.40, respectively, for Ω -, 1-, 2-, and 
3-ago trials. The model posterior predicted probabilities are 
0.06, 0.12, 0.77, and 0.20. Given the relatively small number 
(fewer than 5%) of 3-ago trials, we regard this as an accept-
able overall level of descriptive adequacy.

Figure 10 shows the relationship between the inferred 
model parameters for the face ( �f  , �f  , and � f  ) and non-face 
( �n , �n , and �n ) stimuli. The main scatter plots use circular 
markers to show the posterior means for each participant 
with error bars showing interquartile credible intervals. 
Once again, all three parameters, but especially the � and � 
parameters, show evidence of hierarchical shrinkage com-
pared to the independent individual-level inferences.

In terms of differences between stimulus types, partici-
pants seem to vary roughly symmetrically around the dashed 
diagonal line of equality for the decision � parameter. For 
the memory � parameter, however, it seems clear that values 
are systematically greater for faces compared to non-face 
stimuli. The same pattern appears to be true for the base-
rate � parameter, although all values are much closer to one. 
Bayes factors support this interpretation of the visual pat-
terns. A Bayes factor of 10 favors the null hypothesis of no 
difference between for � , but Bayes factors both greater than 
1000 favor the alternative hypothesis of a difference for the 
� and � parameters.

This suggests a novel psychometric result in the 2-back 
task, with a distinct advantage emerging in the � memory 

Fig. 10  Results for the between-condition analysis of the Human 
Connectome Project data. The left panel shows the relationship 
between the �f  and �n memory parameters for face and non-face stim-
uli. Each point is a posterior mean for a participant, and error bars 
show interquartile credible intervals. The inset panel shows the prior 

(black line) and posterior (blue shaded area) distributions for the �� 
difference between group means. The middle and right panels show 
the same information for the � decision parameters and the � base-rate 
parameters, respectively
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parameter but not the � decision parameter for face versus 
non-face stimuli. Such a distinct difference for face-related 
memories has not been measured within the 2-back work-
ing memory task, although previous studies have suggested 
a visual short-term memory advantage for faces compared 
to non-face objects in other working memory tasks (Curby 
and Gauthier, 2007).

Regression on External Measures

To demonstrate how the model can analyze the relation-
ship between model parameters and external tasks measures, 
we consider four external cognitive assessment tasks. The 
first is the Penn Matrix reasoning task (Moore et al., 2015; 
Bilker et al., 2012), which is intended to measure abstrac-
tion and non-verbal reasoning in complex cognition using 
a set of matrix reasoning problems similar to the Raven’s 
(1989) progressive matrices. The remaining three tasks—the 
List Sort working memory task, the Card Sort dimensional 
change task, and the Flanker inhibitory control and atten-
tion task—are part of cognition assessment using the NIH 
toolbox (Weintraub, 2013). The List Sort task is intended to 
test working memory and involves sequencing pictures of 
animals and foods, presented together with a text name and 
a sound, in order of their size. The Card Sort task is intended 
to measure executive function and cognitive flexibility. It 
involves matching test pictures and target pictures with two 
dimensions. The pictures have two dimensions, such as 

shape and color, and matching must first be done according 
to one dimension and then to the other. The Flanker task 
(Eriksen and Eriksen, 1974) is intended to measure atten-
tion and inhibitory control and requires attending to a target 
stimulus and inhibiting attention to surrounding stimuli that 
may be incongruent. The stimuli are fish or arrows, and con-
gruency or incongruency is determined by the direction in 
which the target and flanking stimuli point.

The motivation for this application is to evaluate the selec-
tive association between these cognitive assessments and the 
cognitive parameters inferred by our model of 2-back task 
behavior. Importantly, we do this using a joint modeling 
approach where the relationships are inferred within a hier-
archical Bayesian framework simultaneously with inference 
about the model parameters, rather than a two-stage correla-
tional approach (Turner et al., 2019). This has the advantage 
of incorporating uncertainty in the parameter estimates while 
inferring the relationships (Matzke et al., 2017).

Model To examine the relationship between param-
eters and external measures, we use a multivariate regres-
sion approach. The basic idea is that each of the �i , �i , and 
�i parameters for the ith participant are modeled as being 
systematically related, via the linear combination specified 
by the regression model, to their performance on the other 
external tasks. Formally, this is achieved by assuming the 
individual-level parameters are noisy samples from a Gauss-
ian distribution centered on a weighted linear combination of 
the external measures. For example, the memory parameter 
�i is sampled as

Fig. 11  Graphical model rep-
resentation of the multivariate 
regression version of the 2-back 
MPT model applied to data 
from the Human Connectome 
Project
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The probit transformation Φ(⋅) converts the sample from the 
Gaussian distribution into a probability on the interval from 
0 to 1. The standard deviation �� corresponds to the level 
of noise, and is assumed to be the same for all participants, 
The ��

i
 is the participant-specific mean given by the linear 

combination

In this equation, xik is the measure for the ith participant on 
the kth external task, ��

k
 is the weight given to the kth task, 

and ��
0
 is a constant. The external measures are normalized 

as z-scores. The regression weights are given standard priors 
��
0
, ��

k
∼ Gaussian

(

0, 1
)

 and the noise is given the uniform 
prior �� ∼ uniform

(

0, 1
)

 . As shown in the graphical model 
in Fig. 11, the �i and �i are defined similarly, with their own 
regression weights and level of noise.

Result It is especially important to examine the descriptive 
adequacy of the regression model, to ensure that the lin-
ear combination constraints still allow for individual-level 
parameters consistent with observed behavior according to 
the basic 2-back model. We again compare the empirically 
observed and posterior predicted expected probability of 
“yes” responses for all Ω -, 1-, 2-, and 3-ago trials. There 
is excellent agreement for the first three cases, but not as 
good agreement for the 3-ago trials. As before, the behavio-
ral probabilities are 0.06, 0.10, 0.81, and 0.40 respectively. 
The model posterior predicted probabilities are 0.06, 0.10, 
0.76, and 0.20, which we continue to regard as adequate.

Figure 12 shows the inferred regression weights relat-
ing each model parameter, in rows, to each external task, in 

�i ∼ Φ
(

Gaussian
(

��
i
, 1∕�2

�

))

.

��
i
= ��

0
+
∑

k

��
k
xik.

columns. The posterior and prior distributions are shown, 
and the Bayes factor comparing the null hypothesis of no dif-
ference to the alternative hypothesis of a difference is listed. 
These Bayes factors are expressed in terms of the hypothesis 
they favor, so that BF01 corresponds to evidence in favor of 
the null, and BF10 corresponds to evidence in favor of the 
alternative. The posterior distributions are colored according 
to the Bayes factor, with blue posteriors indicating strong 
evidence for a relationship ( BF10 > 10 ), yellow posteriors 
indicating strong evidence for no relationship ( BF01 > 10 ), 
and gray posteriors indicated no strong evidence for either 
hypothesis.

There is strong evidence the List Sort task is related to 
the � memory parameter, with BF10 = 33.4 . The posterior 
mean of the regression weight is 0.08 with a 95% credible 
interval (0.04, 0.12) . All of the external tasks except the Card 
Sort task are significantly related to the � base-rate param-
eter, all with BF10 > 100 . The posterior means and credible 
intervals are 0.11 (0.08, 0.13) for the Penn Matrix task, 0.07 
(0.04, 0.09) for the List Sort task, and 0.06 (0.03, 0.09) for the 
Flanker task. All of the external tasks except the Flanker task 
are significantly related to the � base-rate parameter, with 
BF10 > 100 in each case. These relationships have relatively 
larger regression weights. The posterior means and credible 
intervals are 0.31 (0.25, 0.38) for the Penn Matrix task, 0.18 
(0.11, 0.24) for the List Sort task, and 0.18 (0.10, 0.25) for 
the Card Sort task.

The regression results suggest a number of interpretable 
relationships. First, only the List Sort task measure, which 
assesses working memory, shows a significant relationship 
with the memory parameter � . This is consistent with the 
notion that � captures the core memory component of the 
2-back process. Further, the List Sort task measure has sig-
nificant relationships with both the decision-making and 
base-rate parameters, � and � , which reflects the fact that 

Fig. 12  Prior and posterior 
distributions for the regression 
weights for each model param-
eter, in rows, and external task, 
in columns. The prior distribu-
tions are shown by broken lines 
and posterior distribution is 
shown by the shaded areas. The 
Bayes factor comparing the null 
hypothesis of no difference to 
the alternative hypothesis of a 
difference is listed. The poste-
rior distributions are colored 
according to the Bayes factor 
in terms of strong evidence for 
a relationship (blue), strong 
evidence for no relationship 
(yellow), or no strong evidence 
either way (gray)
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both the 2-back and List Sort tasks measure working mem-
ory and can be expected to require similar underlying cogni-
tive capabilities. Secondly, the Penn Matrix task is a measure 
of fluid intelligence, and this is reflected in a strong associa-
tion with both the decision-making and base-rate param-
eters, � and � , but inconclusive evidence with respect to the 
memory parameter � . Thirdly, the Card Sort task, which 
measures cognitive flexibility, shows a significant positive 
relationship only with the � decision parameter. The decision 
parameter represents the ability to discriminate a valid inter-
nal memory signal. There is some limited evidence of such 
an association between cognitive flexibility and the ability 
to detect signals, although these were external rather than 
internal signals (Figueroa and Youmans, 2012). Finally, the 
Flanker task, which measures sensitivity to attention and 
inhibitory control, shows a significant relationship only with 
the � base-rate parameter. A possible interpretation of the 
base-rate parameter is as the rate of inhibiting a pre-potent 
“yes” response when no memory signal is detected, thus 
sharing inhibitory capabilities with that demonstrated in the 
Flanker task.

Discussion

The main goal of our model is as a psychometric instrument 
to measure the memory and decision-making components of 
2-back task behavior. We aimed to achieve this via a genera-
tive cognitive modeling approach, by making assumptions 
about how latent cognitive parameters lead to observable 
task behavior.

Broader Interpretation of Model Parameters

The n-back task is popular largely because it combines 
memory processes of encoding, retrieval, and updating with 
decision processes related to inhibition and control in one 
simple task. Thus, it is natural to ask how the parameters in 
our model relate to existing psychological constructs related 
to these cognitive capabilities. In general, answers to these 
questions require applying the model to relevant experimen-
tal data that measures the other constructs and n-back behav-
ior in a within-participants design. Given this experimental 
evidence, our regression application provides a template 
for how the relationship between our model parameters and 
external task measures can be investigated in a statistically 
principled way. It would be possible to extend this joint 
modeling approach further by incorporating process models 
of the other task being related to n-back behavior (Turner 
et al., 2019). Future work should explore how tasks relating 
to working memory, cognitive control, temporal binding, 
and other relevant cognitive capabilities are related to the 
measures of n-back behavior our model provides using the 
full power of joint modeling approaches.

As an initial speculative framework to guide investigating 
these theoretical relationships, Fig. 13 presents one inter-
pretation of the different branches of our MPT model. This 
interpretation classifies different processing possibilities as 
corresponding to correct processing, an encoding failure, 
an inhibitory failure, an incorrect inhibition, or an incor-
rect binding. Final branches in the 1-ago, 2-ago, and 3-ago 
trees are colored and labeled according to the appropriate 
category, or presented as dashed edges if the interpretation 
is unclear.

Fig. 13  Interpretation of the 
MPT model in terms of five 
broad theoretical concepts: 
correct processing, encoding 
failures, inhibitory failures, 
incorrect bindings, and incor-
rect inhibitions. The 1-ago, 
2-ago, and 3-ago trees are 
shown, with the final branch 
colored to indicate which of 
these concepts applies. Paths 
that are difficult to interpret are 
shown as dashed edges
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For each classification type, we calculated the expected 
proportion of trials based on parameter posterior means for 
both the Stelter and Degner (2018) data and the Human 
Connectome Project data. Correct processing occurs when 
memory encoding, updating, and retrieval all function as 
required by the task and a correct response is produced. This 
is the most common expected outcome, accounting for 67%, 
58%, and 51% for the 1-ago, 2-ago, and 3-ago trials in the 
Stelter and Degner (2018) data, and 74%, 66%, and 59% 
of trials in the Human Connectome Project data. Encoding 
failures occur when a stimulus is not stored in memory at 
the time it is presented. The model infers that this occurs 
on about 14% of trials in both data sets. Inhibitory failure 
occurs when the item is encoded and its position correctly 
updated, but an incorrect decision is made at the final stage. 
The model infers this accounts for about 19% and 13% of 
1-ago and 3-ago trials for the Stelter and Degner (2018) data, 
and correspondingly 13% and 9% of trials for the Human 
Connectome Project data. Incorrect binding occurs when 
an item is encoded but there is a failure at some point in the 
updating process, resulting in an incorrect binding between 
the stimulus and the context provided by its position in the 
sequence (Ranganath, 2010). The model infers that incor-
rect binding accounts for 9% and 15% of 2-ago and 3-ago 
trials for the Stelter and Degner (2018) data, and correspond-
ingly 8% and 13% for the Human Connectome Project data. 
Incorrect binding does not affect the 1-ago trials since no 
contextual updating is involved. Finally, incorrect inhibition 
can occur only in the 2-ago case, where the correct “yes” 
answer is inhibited. The model infers that this occurs on 16% 
of the 2-ago trials in the Stelter and Degner (2018) data and 
11% in the Human Connectome Project data. Full details on 
this analysis for all of the paths through all of the trees are 
available in the supplementary material.

The analysis in Fig.  13 emphasizes how the MPT 
approach dissects observed behavior into interpretable 
components. According to the model and the inferred 
parameters, correct responses are most likely to result from 
accurate encoding, updating, and responding, and much 
less likely to result from guessing the correct answer after 
an encoding failure. As detailed above, correct responses 
are inferred to result from correct processing on about 50 
to 60% of trials. Correct guessing after failed encoding is 
inferred to occur on only slightly over 12% of trials when 
the correct answer is “no” and only about 1% of trials when 
the correct answer is “yes”. In terms of incorrect “yes” 
responses in the 3-ago case, the model explains just under 
half as being caused by binding failures, just under half as 
being caused by inhibition failures, and only a few as being 
caused by encoding failures. This differs from the 2-ago 
case, where encoding failures account for almost a third 
of the errors made. This sort of breakdown highlights the 
usefulness of the model in dissociating the processes that 

contribute to individual differences in interference effects 
as well as correct responding.

It is interesting to note that, cumulatively, the interpret-
able possibilities account for the majority of trials. The final 
branches in the 2-ago and 3-ago trees that are difficult to 
interpret, at least in terms of existing working memory and 
cognitive control theory, have much lower probability, col-
lectively accounting for no more than about 5% of trials. 
This is an encouraging result in terms of the psychological 
interpretability of the model. It suggests that the classifica-
tion of paths into the classes of correct processing, encoding 
failure, inhibitory failure, incorrect binding, and incorrect 
inhibition provides a useful theoretical framework for under-
standing the cognitive variables and processes involved in 
n-back tasks, and their potential relationship to related vari-
ables and processes in other tasks.

Additional theoretical resolution could potentially be 
achieved by extending our model to account for response 
times as well as choice behavior. Response times for n-back 
tasks are routinely analyzed statistically, and potentially 
provide additional insight into the cognitive processes 
underlying behavior. A framework for this extension is pro-
vided by Klauer and Kellen (2018), who develop a general 
approach for extending MPT models to include response 
times. The basic idea is to associate response time distri-
butions with each edge of the probability tree, and define 
the total observed response time as being the sum of com-
ponent response times along the branch that produced the 
behavior. The potential theoretical resolution offered by an 
extension to response times is made clear by considering 
the relationship between the parameters in our model and 
the model measures and the sub-processes described by 
Rac-Lubashevsky and Kessler (2016) in their n-back analy-
sis. Their “updating cost” sub-process roughly corresponds 
to the role of the � memory parameter in maintaining the 
relative positions of encoded stimuli on each trial, and their 
“matching” sub-process roughly corresponds to the role of 
the � decision parameter comparing the presented stimu-
lus to one stored in memory. Similarly, their “intrusion” 
measure is captured by the interference effects constituting 
a subset of the MPT branches. The different sub-processes 
are assumed to contribute separately to response times, 
consistent with the Klauer and Kellen (2018) framework. 
The “substitution”, “gate opening”, and “gate closing” sub-
processes in Rac-Lubashevsky and Kessler (2016), however, 
go beyond the parameters in our model, because they cor-
respond to parameters obtained from a modified reference-
back task that allows measurement of additional processes. 
The substitution mechanism corresponds roughly to the part 
of � that measures the probability of initial encoding. The 
gate-opening and gate-closing mechanisms seem to cap-
ture the switching between trials that need updating rather 
than maintenance in a modified reference task. A potential 
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extension of our model would involve identifying separate 
tree structures for switch versus non-switch trials, and then 
identifying appropriate branches that correspond to the gate-
opening and gate-closing mechanism in each. All of these 
finer-grained distinctions would benefit from extending the 
model to make predictions about response time distributions, 
or applying it to more complex n-back tasks (e.g., 6-back 
tasks), or both.

The final important challenge is to explore the neural 
correlates of the dissociated process parameters, beyond 
the neural correlates typically measured for accuracy and 
reaction time (Li et al., 2021). This may provide greater 
functional resolution in understanding how different brain 
regions and connectivity link to the separate memory and 
decision-making processes.

Limitations and Extensions

Our MPT framework account of n-back models is general 
and could be used to formulate specific models other than 
for 2-back tasks. We do not believe, however, that the 1-back 
model based on the framework is well identified. In a model 
recovery evaluation, similar to the one reported here for the 
2-back model, the 1-back model failed to recover meaningful 
variation in generating parameters. We believe this limita-
tion arises because of the lack of sufficient cases to distin-
guish the different decision parameters. We believe that the 
2-back model is effective, in part, because of the presence 
of both 1-ago and 3-ago cases surrounding the target 2-back 
case. The relatively poor recovery performance of the 2-back 
model using the Stelter and Degner (2018) experimental 
design, which has very limited 1-ago and 3-ago cases, is 
consistent with this conclusion. Accordingly, our expecta-
tion is that the conceptual framework should lead to effec-
tive models for 3-back tasks and beyond, but we have not 
implemented and tested these models.

An assumption of the conceptual framework is that an 
earlier stimulus that matches the currently presented one 
is unique among those being considered as potentially in 
memory. For example, in the 3-ago case considered in Fig. 1, 
the first A potentially interferes with the current A, but the 
stimuli between these presentations are different from A. 
This is a reasonable assumption for most n-back experi-
ments, which use a large number of stimuli and present each 
relatively infrequently. Some n-back experiments, however, 
use as few as two stimuli, and thus repeat them often (e.g., 
Rac-Lubashevsky and Kessler, 2016). This violates the basic 
assumption of just considering the most recent stimulus that 
matches the current one, if such a stimulus exists, in formu-
lating the Ω -, 1-, 2-, and 3-ago cases. It is not clear how well 
our framework and model will apply to these experimental 
designs.

In both of our applications of hierarchical extensions 
of the model we observed significant shrinkage. This is 
likely due to the relatively limited information about the 
model parameters provided by the experimental designs. 
To the extent these designs are typical, however, the extent 
of shrinkage observed should lead to some caution. Indi-
vidual differences need to be carefully incorporated in the 
model, and the resulting inferences compared with those 
found by applying the model independently to individuals. 
For many applications, it may be better to apply the model 
independently rather than hierarchically, using the sort of 
approach adopted for the regression application.

Finally, there is scope for exploring variants of the basic 
model. The current assumption is that both the initial encod-
ing of a presented stimulus and its later latent position updat-
ing occur with the same probability. We tested that this was a 
good assumption for the data we modeled but, as mentioned 
earlier, it seems theoretically plausible that these probabili-
ties may sometimes be different. It also seems reasonable to 
consider a more complicated model in which the updating 
probabilities change from trial to trial, as the time increases 
since the relevant stimulus was presented. This may be espe-
cially important for more difficult n-back tasks with larger 
n and higher cognitive load. These tasks are more likely to 
produce data that will allow dissociable measurements of 
initial encoding and subsequent updating.

Conclusion

We developed and demonstrated a simple psychometric 
model of the widely used 2-back working memory tasks, 
using the MPT modeling framework. Consistent with the 
MPT modeling philosophy and dissecting cognitive pro-
cesses into simple branching steps controlled by probabil-
ities, our model treats 2-back behavior as arising from a 
memory and encoding probability that remembers stimuli 
and their relative position to the current stimulus, and deci-
sion and base-rate probabilities that lead to “yes” or “no” 
responses depending on the signals (or lack of signals) pro-
vided by memory. The model does not aim to be a detailed 
account of 2-back behavior, but aims instead to provide a 
simple and useful characterization of individual perfor-
mance. As our applications show, the basic model can serve 
as the core of more elaborate models that are tailored to 
specific data and research questions, including measurement, 
comparison across task and stimulus conditions, and regres-
sion analyses of the relation between latent 2-back working 
memory measures and standardized cognitive measures of 
working memory, reasoning and response inhibition.
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