Journal of Mathematical Psychology xxx (xxxx) xxx

Contents lists available at ScienceDirect

Journal of Mathematical Psychology
journal homepage: www.elsevier.com/locate/jmp

Review

Systems Factorial Technology analysis of mixtures of processing
architectures✩
Daniel R. Little a, *, Ami Eidels b , Joseph W. Houpt c , Paul M. Garrett b , David W. Griffiths a
a
b
c

The University of Melbourne, Australia
The University of Newcastle, Australia
Wright State University, United States

highlights
• We provide analytic results and simulations demonstrating the capacity, SIC, and CCF predictions of mixtures of serial and parallel processing and
•
•
•
•

mixtures of parallel and coactive processing.
We systematically vary the proportional mixture showing that the SFT signatures deviate from the canonical signatures predicted by the ’pure’ models.
We show that the qualitative form of the diagnostic function changes smoothly from one mode to the other in a systematic way.
We show that these SFT signatures are mimicked by parallel models allowing for facilitation and inhibition.
We resolve this mimicry by highlighting the fixed-point property, which holds in mixtures models but not interactive parallel models.
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a b s t r a c t
Human information processing is flexible in its ability to utilize mechanisms such as attention and
memory along with basic perceptual processes. As a consequence, information processing is probably best
thought of as not reflecting one type of standard system or architecture but as a mixture of different types
of systems. We examine the predictions of mixtures of different processing modes using Systems Factorial
Technology (Townsend and Nozawa, 1995). SFT offers a number of important diagnostic measures for
differentiating pure processing models (e.g., serial or parallel). We show that mixtures of basic processes
result in smooth, gradual changes to these measures reflecting the proportions of each process. The
identifiability of these mixtures, in comparison to interactive parallel channel models, is discussed with
reference to the fixed-point property of mixture models.
© 2018 Elsevier Inc. All rights reserved.
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1. Introduction
In a complex, dynamic environment, people must often process
information from multiple sources. The recent study of information processing has emphasized diagnosis of several key attributes
using a theoretical and methodological set of tools known as
Systems Factorial Technology (SFT, Little, Altieri, Fifić, & Yang,
2017; Townsend & Nozawa, 1995; Townsend & Wenger, 2004).
Specifically, these attributes include the architecture of information processing (e.g., whether multiple sources of information are
processed in series or parallel), the stopping rule (e.g., exhaustive
or self-terminating), independence of processing channels (e.g., facilitatory or inhibitory), and workload capacity (e.g., limited or
unlimited). For instance, in a series of categorization studies, we
have identified the various processing characteristics associated
with the long-standing, fundamental characterization of separable dimensions (independent, serial or parallel, self-terminating
processing) and integral dimensions (dependent, pooled, coactive
processing; see e.g., Cheng, McCarthy, Wang, Palmeri, & Little,
2018; Fifić, Little, & Nosofsky, 2010; Fifić, Nosofsky, & Townsend,
2008; Little, Nosofsky, & Denton, 2011; Little, Nosofsky, Donkin,
& Denton, 2013; Moneer, Wang, & Little, 2016). SFT allows the
identification of qualitatively different patterns of information processing modes based on nonparametric analysis of response time
(RT) data. The purpose of this article is to extend the application
of SFT to the case where there is a probabilistic mixture of two
qualitatively different processing architectures.
From moment to moment, humans have a remarkable flexibility in the strategies that can be brought to bear on processing
information. For example, as one contemplates any everyday situation, attention can be deployed to ‘‘low-level’’ perceptual or ‘‘highlevel’’ conceptual aspects of the scene or event, experiences can
be retrieved from memory, and all of these sources may be integrated for decision making and action. The interplay of attention
and memory processes with more automatic processing implies
that models of information processing may rarely or only in special circumstances be considered pure reflections of a monolithic
processing strategy. Mixtures of different information processing
modes are likely to be prevalent in many areas of inquiry including
categorization (Cheng, Moneer, Christie, & Little, 2017; Griffiths,
Blunden, & Little, 2017; Little et al., 2011; Moneer et al., 2016),
skill acquisition (Logan, 1988), visual working memory (Donkin,
Nosofsky, Gold, & Shiffrin, 2013), Stroop task performance (Eidels,
Ryan, Williams, & Algom, 2014; Tillman, Howard, Garrett, & Eidels,
2017), controlled and automatic processing (Schneider & Shiffrin,
1977; Shiffrin & Schneider, 1977) and so on.
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Historically, response times (RT) in various tasks have been
thought to represent a mixture of processes; for instance, Falmagne’s (1965) fast/slow process mixture model assumed that the
mixture was based on some combination of motivation and the
properties of the stimulus (see e.g., Luce, 1986). Yet, this example
is different than the focus of the current paper. A natural type
of mixture to consider in the application of SFT is a mixture of
different processing architectures. These architectures may reflect
different strategies applied in processing across different trials
in an experiment. For instance, the classic distinction between
controlled and automatic processing might reflect a mixture of
serial and parallel processing (Schneider & Shiffrin, 1977; Shiffrin &
Schneider, 1977). By contrast, the transition between algorithmic
processing and memory retrieval (Logan, 1988) might represent
a qualitatively different type of mixture (e.g., a mixture between
pooled coactive processing and perhaps parallel or serial processing). Here we focus on mixtures of: (i) parallel and serial processing
on the one hand, and (ii) parallel and coactive processing, on the
other.
The paper is organized as follows: In the section, System Factorial Technology, we provide necessary background and outline the
key diagnostic measures of SFT — the Survivor Interaction Contrast
and the Capacity Coefficient. The centerpiece of the paper is the
subsequent section, Simulations, where we generate and report
SFT predictions of model mixtures, while systemically varying
the relative proportions of each component process. Mixing trials
from different processing architectures could result (as the reader
will soon see) in SFT signatures that deviate from the canonical
signatures predicted by ‘pure’ models (see Fig. 1). Eidels, Houpt and
colleagues (Eidels, Houpt, Altieri, Pei, & Townsend, 2011) investigated parallel models that allowed interactions across processing
channels. The next section in the present article compares the predictions of interactive models and mixture models. To foreshadow
the results and conclusions of our current architecture-mixture
investigation, we find that as one varies the relative proportions
of each architecture in the mixture, the qualitative form of the diagnostic function (the Survivor Interaction Contrast or the Capacity
Coefficient) changes smoothly from one mode to the other in a
systematic predicted qualitatively way. Thus, despite the flexibility
afforded by allowing different processing strategies to be mixed,
under some conditions, the diagnostic tools of SFT can still reject
entire classes of models based on empirical data.
2. Systems factorial technology
The goal of SFT is to diagnose information processing systems
based on their temporal organization (architecture), the number of
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Fig. 1. Schematic diagrams indicating the architecture and stopping-rule of information processing systems (top row) with the predicted SIC shape for that system (bottom
row). SICs are obtained from a task manipulating processing difficulty factorially under the assumptions of error-free responding and effective, selective influence. EX:
Exhaustive; ST: Self-Terminating.

information sources processed before a response is made (stopping
rule), the change in processing rate as a function of the number of processes (workload capacity), and the dependence among
the processes associated with particular stimulus dimensions. The
measures used to make these distinctions are based on the application of theoretically-motivated methodologies which allow for

contrasting qualitative predictions to be tested. A brief description
of each follows.
The canonical architectures for processing two sources of information or stimulus dimensions are serial, parallel, and coactive and
are depicted in the top row of Fig. 1. If both sources are processed
at the same time, the systems are classified as parallel. Systems in

Please cite this article in press as: Little, D.R., Eidels, A., Houpt, J.W. et al., Systems Factorial Technology analysis of mixtures of processing architectures. Journal of
Mathematical Psychology (2018), https://doi.org/10.1016/j.jmp.2018.10.003.

4

D.R. Little, A. Eidels, J.W. Houpt et al. / Journal of Mathematical Psychology xxx (xxxx) xxx

which each source of information is processed sequentially, with
no temporal overlap between the processes, are classified as serial.
Coactive systems are a special case of parallel systems in which the
information from multiple processing units, or channels, is pooled
into a single decision process.
For those architectures in which the decision process is not
pooled, the stopping-rules are broadly classified as either selfterminating or exhaustive. Self-terminating systems are those
that may respond before all sources are fully processed. For instance, a parallel self-terminating model is often termed a race
model (Miller, 1982; Raab, 1962). Exhaustive stopping-rule systems are those that wait to finish processing all sources of information before responding.1 A special case of self-terminating systems
are first-terminating systems (i.e., those systems that respond as
soon as any source of information is processed).
Workload capacity refers to the effect of changing the number
of information sources that the system is required to process. If
processing efficiency of each individual information source stays
the same as processing (the number of processing channels) increases, then the system is referred to as having unlimited capacity.
By contrast if the system slows with additional sources, then the
system is said to have limited capacity. And finally, if the rate of
processing an individual source increases with increasing load, the
system is said to have supercapacity. Workload capacity can be
related to a number of important tests of race models including
the race model inequality (Miller, 1982), Grice’s inequality (Grice,
Canham, & Gwynne, 1984), and a series of inequalities proposed
by Colonius & Vorberg. These inequalities form lower and upper
bounds on limited and supercapacity processing expected from
a parallel self-terminating and parallel exhaustive model, respectively (Townsend & Eidels, 2011).
The dependence property primarily focuses on the stochastic
relationship between the time it takes to process each source of
information. In theory, dependence can be induced by relatively
uninteresting variables; for example, fluctuating attention to the
task over the course of an experiment (cf. Dzhafarov, 2003). In
practice, theoretical work has tended to focus on dependencies due
to information sharing or cross-talk between the random processes
that lead to a response (Eidels et al., 2011).
SFT typically utilizes a double-factorial design in which a factorial manipulation of difficulty is nested within a manipulation
of factor presence or absence (i.e., a redundant target paradigm).
The latter allows for measuring the change in the efficiency of the
processing system as the workload (i.e., number of to-be-processed
targets) increases. The former paradigm compares performance
across a combination of targets which vary in their discriminability
or salience (or, more generally, their effective influence on the processing rate and response time of the system; Zhang & Dzhafarov,
2015).
The capacity coefficient, a measure estimated from the redundant target design response times, indicates the change in processing efficiency relative to a model-based prediction. It is often
useful to measure both the workload capacity of a system along
with inhibition or facilitation among the processes. The survivor
interaction contrast, derived from predictions from a task in which
processing difficulty is factorial manipulated, is particularly useful
for classifying the architecture and stopping-rule of a system (see
Fig. 1) when certain conditions hold (e.g., selective influence; see
below). As demonstrated by Eidels et al. (2011) and replicated
below, the survivor interaction contrast can also be informative
about cross-talk between processes.
1 These classification rules normally apply to information relevant to the task,
or at least information co-located with relevant information, e.g., a system may be
classified as exhaustive even if it does not wait to process the fact that there is a fly
in the room before responding in a color discrimination task.

2.1. Capacity coefficient
Typically, in a redundant target design, RTs are measured to two
(or more) signals presented simultaneously and then to each of
the signals presented alone. Or, in a fourth case, when no signals
are presented. In a typical OR design, a participant should respond
Target Present if any signal is present (i.e., either of the single
target signals or the redundant signal). By contrast, in a typical
AND design, a Target Present response should be given only if both
targets are present. A Target Absent response is required if only a
single target or a null target is presented. Using the RTs from these
conditions one can compute a measure of the workload capacity
of a system by comparing the performance with multiple, redundant targets to the predictions derived from an unlimited capacity
independent parallel (UCIP) baseline model on single targets.
2.1.1. OR capacity
For an OR task, capacity is measured relative to the minimum
time benchmark of the UCIP first-terminating model. The survivor
function (S(t), or one minus the cumulative distribution function,
1 − F (t)) of a first-terminating UCIP model, which is equivalent
to the distribution of the first order statistic of the collection of
channel processing times, is the product of the survivor functions of the processing time for each target. Expressed in terms
of the cumulative hazard function, H(t) of the first-terminating
UCIP model is the sum of the cumulative hazard functions for
each target (because H(t) = − log S(t) and the logarithm of a
product is the sum of the logarithms).2 Hence, the OR capacity
coefficient is defined by the ratio of the observed performance with
redundant targets, H12 (t), to the predicted first-terminating UCIP
performance, H1 (t) + H2 (t):
COR (t) =

=

log(S12 (t))
log(S1 (t)) + log(S2 (t))
H12 (t)
H1 (t) + H2 (t)

.

(1)

2.1.2. AND capacity
For an AND task, capacity is computed compared to the maximum time benchmark of the UCIP exhaustive model, i.e., the
largest order statistic of the collection of channel processing times,
specified as the ratio of the reverse integrated hazard function
for the redundant target (that can be
∫ expressed as a logarithmic
transformation of the cdf, K (t) =
k(t)dt = − log(F (t)) to the
reverse integrated hazard function of the predicted maximum time
computed from the single targets (F1 (t) × F2 (t)). Hence, the AND
capacity coefficient is:
CAND (t) =

=

log(F1 (t)) + log(F2 (t))
log(F12 (t))
K1 (t) + K2 (t)
K12 (t)

.

(2)

Both COR (t) and CAND (t) have the same interpretation: values
equal to 1 indicate performance in parity with the UCIP model,
referred to as unlimited capacity. Values less than 1 indicate worse
than UCIP performance and limited capacity. Finally, values greater
than 1 indicate better than UCIP, supercapacity.
2 Throughout, we use the following notation: f (t), for the probability density
∫
function (pdf); F (t) = f (t)dt for the cumulative distribution function (cdf), and
S(t) = 1 − F (t) for the survivor function. The survivor function is the complement
of the cumulative distribution function, S(t) = 1 − F (t). The hazard function is the
density of a random variable divided by its survivor function, h(t) = f (t)/S(t).
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2.1.3. Context invariance
For the predictions of COR (t) and CAND (t) to hold, we require
that the assumption of context invariance holds. The assumption of
context invariance states that the processing time of one channel
is the same regardless of the presence of information in the other
channel, and formally P1,2 (T1 ≤ t) = P1 (T1 ≤ t) and P1,2 (T2 ≤
t) = P2 (T2 ≤ t). This assumption is also utilized in Miller’s (1982)
classic Race Model Inequality which is related to OR capacity by
providing an upper bound on unlimited capacity (Townsend &
Eidels, 2011). There are various reasons to suspect that context invariance may not always hold, including cases where the presence
of information in one channel changes the mean or the variance
of the other channel (Otto & Mamassian, 2012, 2016; Yang, Altieri,
& Little, 2017). Either a violation of the independence assumption
or the unlimited capacity assumption of the UCIP model implies a
violation of context invariance.
2.2. Survivor interaction contrast
The double factorial design allows for a diagnostic contrast to
be developed based on an interaction contrast of the mean RT
predictions for each of the combinations of high and low salience
of the target signal. This function is often referred to as the mean
interaction contrast, or just the MIC, and is computed as:
MIC = [MLL − MLH ] − [MHL − MHH ] .

(3)

Here, MLL denotes mean RT for the condition where both sources
of information are of low quality. Likewise, MLH , MHL , and MHH
denote mean RT for the low–high, high–low, and high–high conditions, respectively.
This contrast was initially developed in the context of Sternberg’s (1969) work on memory search. Sternberg developed and
tested the additivity predictions (MIC = 0) of serial stage models
and further developed predictions for the variances and higher
cumulants of the RT distributions.
With exhaustive processing, underadditivity (MIC < 0) and
overadditivity (MIC > 0) are the hallmarks of parallel and coactive
processing, respectively. With self-terminating processing, both
parallel and coactive processes predict overadditivity, while a serial model predicts additivity.
2.2.1. SIC
An interaction contrast is more diagnostic when computed
using the entire RT distribution (i.e., the survivor functions) for
each of the factorial cases.
SIC(t) = [SLL (t) − SLH (t)] − [SHL (t) − SHH (t)]

(4)

Note that the mean level contrast follows from the survivor function contrast because the mean of a positive random ∫variable is
∞
equal to the integrated survivor function, E [RT] = 0 S(t) dt.
As shown in the bottom panel of Fig. 1, each of the standard pure
processing architectures and stopping rules makes a qualitatively
unique SIC prediction. Hence, in the following, we focus on these
distributional level contrasts.
2.2.2. Selective influence and further assumptions
The SIC predictions for the canonical models follow from the
assumption of effective selective influence of the experimental manipulation on each channel (Dzhafarov, 2003; Schweickert, Fisher,
& Sung, 2012; Townsend & Schweickert, 1989). Effective influence
implies that a manipulation designed to lengthen the RT of the Low
discriminability stimulus compared to the High discriminability
stimulus has a measurable effect on the RT. Selective influence
implies that the manipulation to influence one channel only affects
that channel and not another channel. This assumption cannot be
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evaluated directly, but it can be assessed indirectly by examining
the stochastic dominance of the High discriminability stimulus
distributions over the Low discriminability stimulus distributions.
That is SLL (t) ≥ {SLH (t); SHL (t)} ≥ SHH (t) with a strict inequality
holding for at least one time point (Heathcote, Brown, Wagenmakers, & Eidels, 2010; Townsend, 1990; see Houpt, Blaha, McIntire,
Havig, & Townsend, 2014, for an appropriate statistical test). Selective influence may be explicitly violated in models such as the
interactive parallel models that we consider below.
Two further assumptions are worth mentioning. For one, the
SFT results are based on error-free responding (though this has
been addressed in recent work for capacity; Donkin, Little, & Houpt,
2014; Townsend & Altieri, 2012). One important application in this
regard (especially with respect to the interactive parallel models
we review below) is recent work by Cox and Criss (2017), who
examined the envelopes of the functional form of the SIC under
different error rates. Here, we adopt the assumption of error-free
responding but point to that work as a way in which one might
further pursue the ideas presented here. A second assumption is
that performance is asymptotic. That is, the collection of RTs which
are analyzed reflect the consistent application of a single process
(or mixture of process) rather than a dynamic shift in processing
due to learning or in response to a change in the environmental
state.
3. Present study — Extending SFT predictions from pure models
to mixtures
The hallmarks of SFT had been the C(t) and SIC(t) indices and
their signatures. Researchers could estimate these measures from
data (Houpt, Blaha, McIntire, Havig, & Townsend, 2013) and then
compare the observed signature to theoretical model-predictions,
apply the relevant statistical tests (Houpt & Fifić, 2017; Houpt &
Little, 2017; Houpt, MacEachern, Peruggia, Townsend, & Van Zandt,
2016; Houpt & Townsend, 2010, 2012; Thiele, Haaf, & Rouder,
2017), and rule out models that were unable to generate the
observed function. Existing SFT work focused primarily on ‘pure’
processes, that are not the consequence of mixture but rather
assume a single type of underlying process, be it serial, parallel,
or coactive.
In some cases, these pure processing models have been compared against mixture models. For instance, Fifić, Townsend, and
Eidels (2008) observed SIC signatures that were not predicted by
pure models and considered a probability-mixture model of serial
and parallel processing. Such a model was theoretically compelling
in the context of visual search but was ultimately ruled out as it
could not predict the overadditive MIC that they observed in their
AND task. Recently, Little and colleagues (Cheng et al., 2018; Little
et al., 2011; Moneer et al., 2016) supplemented the non-parametric
SFT analyses by fitting parametric models with a mixture parameter and using model selection tools such as BIC and DIC to show
that mixtures of serial and parallel processes provide a better
account than the pure models for some of their data sets. In particular, mixtures of serial and parallel processing provided accurate
predictions for the categorization of separable dimensions when
those dimensions were co-located in space. Apparently, subjects
can process the dimensions in parallel, but on some trials would
switch to serial processing of each dimension. Model selection is
a powerful approach but does not have the general appeal of the
strong nonparametric inference available from SFT. The current
work aims to fill in a critical gap in our knowledge: if observed
behaviors can be mixtures of distinct psychological processes,
what are the corresponding SFT signatures? The following section
outlines a set of simulations that show that the linear mixture
of processing models preserves the linear mixture of the corresponding SFT functions. For example, a shift from serial to parallel
with a self-terminating stopping rule transitions from additive to
overadditive in a predictable manner.
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4. Simulation

4.1.3. Parallel exhaustive model
The cdf predictions for the parallel exhaustive model were
computed from the Poisson distributions as:

4.1. Models
We simulated predictions for each of the independent channels
of the serial and parallel models and the coactive model using pairs
of Poisson accumulators. Thus, the number of accumulated counts
is distributed as a Poisson random variable with a rate parameter
λ3 :

{

(λt)u e−λt

P(U(t) = u|λt) =
0

u!

,

t≥0
t<0

(5)

The processing time of a channel is the time it takes to reach a
threshold number of counts, a. Thus, the processing time for an
independent channel has an Erlang distribution,

λa t a−1 exp (−λt )
(a − 1)!
a−1
∑
exp(−λt)(λt)k
F (t) = 1 −
.
k!
f (t) =

(6)

(7)

k=0

4.1.1. Parallel self-terminating model
The survivor function predictions of the parallel self-terminating model were computed from Poisson distributions of each independent stimulus channels as:
Pst
1 − F12
(t) = [1 − F1 (t)] × [1 − F2 (t)] .

Or, in terms of the survivor functions,
Pst
S12
(t) = S1 (t) × S2 (t).

(8)

In the case where only one channel carries the target information
and allows for self-termination, under the assumption of stochastic independence, the parallel self-terminating processing time is
determine solely by the target channel.
4.1.2. Serial self-terminating model
Serial self-terminating predictions were computed as:
Sst
f12
(t)

= P(1, 2)f1 (t) + [1 − P(1, 2)]f2 (t)

= P(1, 2)f1 (t) + [1 − P(1, 2)](f2 (t) ∗ f1 (t))

(10)

4.1.4. Serial exhaustive model
The predictions for the serial exhaustive model were computed
as:
Sex
f12
(t) = f1 (t) ∗ f2 (t).

(11)

4.1.5. Coactive model
To simulate a coactive processing model, we assumed that there
was complete cross-talk between the processing channels. Following Johnson, Blaha, Houpt, and Townsend (2010), we defined a
model over the a1 × a2 state space, where ai is the criterion for
channel i (i.e., the number of accumulated counts needed before
the channel can terminate). The probability that a single count
was shared from channel j to channel i was defined as pji . The
total amount of shared information was distributed as a binomial random variable. We utilized the analytic expression shown
in Johnson et al. (their Appendix A.1) for the facilitatory parallel
model with pji = pij = 1 for the coactive processing model. This
model is equivalent to a single Poisson accumulator channel with
λ12 = λ1 + λ2 and a12 = max(a1 , a1 ) or min(a1 , a2 ) depending on
the stopping rule.
Sources of information within the stimulus could be in conflict,
and the conflict could inhibit rather than facilitate the ongoing
processing of the target information in the coactive model. Here
we adopted the matrix method outlined in Table A.1 of Johnson et
al.. Complete facilitation with conflicting stimulus information can
be modeled as parallel inhibition (i.e., facilitation of information
with conflicting signs). The logic is that a channel can generate
an increment toward the threshold with some probability, that
increment also has some probability of being shared. If shared, the
other channel decreases its current state to reflect the influence of
the conflicting information. We assumed that the inhibition was
removed when the conflict channel terminated.
4.2. Mixture models

(9a)

where P(1, 2) is the probability that channel 1 is processed before
channel 2.
We are also interested in cases in which one dimension allowed
for self-termination but the other dimension did not (in which case,
both dimensions needed to be processed). In this case, the density
function is:
Sst
f12
(t)

Pex
F12
(t) = F1 (t) × F2 (t).

(9b)

Here, ∗ refers to the convolution operation. This captures the assumption that channel 1 still needs to be processed when channel
2 is processed first.4

Along with the coactive model, Eqs. (8)–(11) provide a formal
description of the pure, non-mixture models. The mixture models
were computed as additive mixtures of each of these components:
MixOR
Pst
fPst
(t) + [1 − p]f C (t)
/C (t) = pf
MixOR
Pst
fPst
(t) + [1 − p]f Sst (t)
/Sst (t) = pf
MixAND
Pex
fPex
(t) + [1 − p]f C (t)
/C (t) = pf

(12)

MixAND
Pex
fPex
(t) + [1 − p]f Sex (t)
/Sex (t) = pf

3 Where appropriate we subscript these quantities 1 and 2 to indicate to which
of the two channel components of the models we are referring. We superscript
the model predictions with s, p, or c to indicate reference to the serial, parallel, or
coactive models, respectively. An additional superscript st or ex may be added to
indicate self-termination or exhaustive processing, respectively.
4 The type of serial model adopted for the simulations below depended on

where p is the probability that the mixture model uses a parallel
process, and 1 − p is the probability that the mixture uses another
process, coactive or serial (Eq. (12)).5
While our modeling allowed for mixtures of architectures (serial, parallel, and coactive), it did not allow for a mixture of processes with self-terminating and exhaustive stopping rules. For the
OR decision rule, we used the parallel self-terminating model and
the serial self-terminating model, and for the AND decision rule,
we used the parallel exhaustive and serial exhaustive models. This

the task context to which the measure applies. In an OR task, where redundant
processing is possible, then the two formulations of the serial self-terminating
model are identical in their predictions. Hence, for the SIC(t) and COR (t) simulations,
we utilized Eq. (9a). For the CCF(t) simulations, we used Eq. (9b), and for the
remaining simulations, we use the exhaustive formulations.

5 We omitted the combination of serial and coactive because the results indicated
that a mixture of serial and coactive processing would exhibit the same smooth
mixture between a pure serial and pure coactive model as the other mixture models.
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assumption can be thought of as adopting an optimal stopping rule
for each of the different decision rules. That is, self-termination in
the AND decision rule case would result in many errors. Likewise,
exhaustive processing under an OR decision rule would result in
inefficient slower processing. The stopping rule distinction does
not apply to the coactive processing model since this model only
has a single component.
In summary, the mixture models represent cases where across
different events or trials the observer probabilistically adopts a
different processing model. We simulated the predictions of the
mixture models for the capacity, SIC, and CCF measures with the
probability of parallel processing, p, set to 0, .2, .4, .6, .8, or 1. For
all of the simulations, we used parameter values for which each
channel produced distributions which had roughly the same mean
RT.6 We set a1 = a2 = 10. For the capacity simulations, we set
λ1 = λ2 = .05. For the SIC simulations, we set λL = .02 and
λH = .05. Finally, for the CCF(t) simulations, we set λA = λB = .02,
λXL = λYL = .02, and λXH = λYH = .05
4.2.1. Capacity predictions
The capacity functions for mixture models follow a relatively
complicated trade-off as a function of p. To determine an analytical
prediction, we first note that the mixture of densities implies the
mixture of CDFs,
F mix =

∫

f mix =

∫
=p

∫

pf (1) + (1 − p)f (2)

f (1) + (1 − p)

∫

(13)

Likewise, because S = 1 − F ,
S mix = 1 − F mix

= 1 − (pF (1) + (1 − p)F (2) )
= 1 − pF (1) − F (2) + pF (2)
= p − p + 1 − pF (1) − F (2) + pF (2)
= p(1 − F (1) ) − p + 1 − F (2) + pF (2)
= p(1 − F (1) ) + (1 − p)(1 − F (2) )
= pS (1) + (1 − p)S (2) .

(14)

By substituting the mixture survivor functions and CDFs into
Eq. (1) and (2) respectively, we arrive at:

[

COR mix =

(1)

(2)

log pS12 + (1 − p)S12

[

(1)

(2)

log pS1 + (1 − p)S1

]

]

[
]
+ log pS2(1) + (1 − p)S2(2)
(15)

[

CAND

mix

=

(1)

(2)

]

[

+ log pF2(1) + (1 − p)F2(2)
[
]
(1)
(2)
log pF12 + (1 − p)F12

log pF1 + (1 − p)F1

capacity parallel model predictions to the supercapacity coactive model predictions. Conversely, for the parallel/serial mixture
model, the capacity predictions move smoothly from unlimited to
limited capacity as one would expect.
For both the OR and the AND capacity functions, the presence
of any amount of coactivity causes changes in the limit behavior of
the function. For COR (t), the left limit increases sharply reflecting
the increased rate of processing for the double target as smaller
values of t relative to the single targets. For the single targets, there
is no difference between a coactive or a parallel process since there
is by definition only a single source of information. Likewise, for
the AND capacity there is an increase in the CAND (t) function for
smaller values of t. The opposite effect arises for the mixture of
serial and parallel processing. Again, for the single targets, there
is no difference between the serial and parallel predictions, but
introducing any proportion of serial processing into the mixture
leads to a decrease in capacity at longer values of t. Note that when
the process is completely serial, COR (t) = .5 for all t indicating
limited, fixed capacity.
4.2.2. SIC predictions
The SIC predictions for a mixture model are relatively straightforward to determine analytically. Substituting Eq. (14) into the
SIC, we find the SIC for a mixture is a mixture of the SICs.
SICmix (t) =

f (2) = pF (1) + (1 − p)F (2) .

]

(16)
The capacity predictions for two kinds of mixture models, parallel processing coupled with either serial or coactive processes,
for both the OR and AND case, are shown in Fig. 2. For the
coactive/parallel mixture model, as p increases from 0 to 1, the
predictions clearly reflect a smooth transition from the unlimited
6 When the means of the distribution diverge by a large extent, the functional
predictions of each component can become separated in time such that, for instance, a negative parallel SIC might be followed by a serial SIC, that is a second
negative component and then a positive component. We have not witnessed such
a strong separation in the empirical data (e.g., Little et al., 2011; Moneer et al.,
2016) and suspect that this is due to the fact that mixtures are unlikely when one
component process is much less efficient than the other.
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[[

(1)

(2)

]

pSLL (t) + (1 − p)SLL (t)

[
]]
(2)
− pS(1)
LH (t) + (1 − p)SLH (t)
[[
]
(2)
− pS(1)
HL (t) + (1 − p)SHL (t)
]]
[
(2)
(t)
(t)
+
(1
−
p)S
− pS(1)
HH
HH
]]
] [
[[
(1)
(1)
(1)
(t)
(t)
−
S
(t)
−
S
(t)
−
S
= p S(1)
HH
HL
LH
LL
]]
] [
[[
(2)
(2)
(2)
+ (1 − p) SLL (t) − SLH (t) − SHL (t)S(2)
HH (t)
pSIC(1) + (1 − p)SIC(2) .
The SIC predictions for the mixture models are shown in Fig. 3.
Like the capacity predictions, both sets of predictions transition
smoothly between the parallel predictions and coactive or serial
predictions for the parallel/coactive and parallel/serial models,
respectively.
4.3. Conflict contrast function
In some cases, it may be impossible to vary the presence or
absence of a stimulus feature or dimension without drastically
changing the nature of the task. For instance, we have employed
a categorization task which coupled a factorial AND design as one
category with a pair of disjunctive OR rules forming the other
category (Blunden, Wang, Griffiths, & Little, 2015; Cheng et al.,
2018; Fifić et al., 2010; Fifić, Nosofsky et al., 2008; Little et al.,
2011, 2013; Moneer et al., 2016). Defining the OR category by
manipulating the presence or absence of the feature would have
eliminated the effectiveness of our discriminability manipulation
in the AND category because one could simply respond on the
basis of whether there was one feature present or two rather than
the specific combination of values of those features. Instead, we
manipulate discriminability by varying the similarity between the
members of the AND category and the members of the OR category.
This resulted in OR category members which were not defined by
the presence or absence of a stimulus feature but by the presence
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Fig. 2. Top: OR capacity coefficient predictions for the coactive/parallel self-terminating (left) and serial/parallel self-terminating (right) mixture models. Bottom: AND
capacity coefficient predictions for the parallel exhaustive/coactive (left) and parallel exhaustive/serial exhaustive (right) mixture models. Simulations of each component
process were instantiated as a pair of Poisson accumulators.

or absence of conflict between the features. As discussed in Little,
Eidels, Fifić, and Wang (2018), this prevents the use of capacity but
allows for the implementation of an alternative diagnostic measure
based on the level of conflict in the stimulus.
For this measure, the dimension which satisfies one of the disjunctive OR rules is termed A or B while the conflicting information
(which does not allow accurate termination of a response) is varied
in two levels on the corresponding dimension Y or X , respectively.
This allows a conflict contrast function, CCF(t) to be computed as
follows:

[

]

CCF(t) = log(SAYH (t)) − log(SAYL (t))

[
]
− log(SXH B (t)) − log(SXL B (t))
[
] [
]
= HAYL (t) − HAYH (t) − HXL B (t) − HXH B (t) .

(17)

This measure is described in more detail in several recent references (Cheng et al., 2017; Houpt & Little, 2017; Little, Eidels,
Fifić, & Wang, 2015; Little et al., 2018). Briefly, the CCF(t) = 0
is indicative of independent parallel self-terminating processing,
CCF(t) < 0 is indicative of serial processing, and CCF(t) > 0 is
indicative of coactive processing. As shown in Little et al. (2018),
a simple contrast of the mean RTs for the conflict item cases can
be achieved by noting that an inequality at the level of the log survivor functions implies an inequality at the level of the means (cf.
Townsend, 1990). Little et al. (2013) used this mean conflict contrast to show that integral dimensions result in a positive valued
contrast and separable dimensions result in a negative valued
contrast.

For the analytic predictions of the mixture CCFs, we substitute
the mixture survivor function from Eq. (14) into Eq. (17).

[

(

(1)

(2)

CCF(t) = log pSAY (t) + (1 − p)SAY (t)
H

)

H

)]
+ (1 −
− log
[ (
)
(2)
− log pS(1)
(t)
+
(1
−
p)S
(t)
XH B
XH B
(
)]
(1)
(2)
− log pSXL B (t) + (1 − p)pSXL B (t)
(

(1)
pSAY (t)
L

(2)
p)SAY (t)
L

(18)

As with the capacity coefficients, the non-linear transformation of
the survivor function means that the resulting equation cannot be
readily separated into a mixture of CCFs from each model in the
mixture.
For the simulation of the mixture models, for the CCF predictions, we set a1 = a2 = 3; all other parameter values were
the same as indicated above. The CCF predictions for the mixture
models are shown in Fig. 4. When p = 0, the CCF predicts that the
CCF should equal 0 for all t as expected. As with the capacity coefficient and SIC predictions, decreasing the proportional mixture
of the parallel process if p ̸ = 0 results in a shift toward the CCF(t)
prediction for the other model.
Like the capacity coefficient, the introduction of even a small
proportion of the coactive process or the serial process in the
mixture results in large changes in the CCF. The function is then
fairly stable across further changes in the mixture proportion. This
is likely due to the fact that the parallel model is unaffected by
changes in the strength of the conflicting information, but both the
coactive and serial model predictions are affected to a large degree.
The coactive model is slowed substantially by changes from low to
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Fig. 3. Top: survivor interaction contrast (SIC) predictions for the self-terminating coactive/parallel (left) and self-terminating serial/parallel (right) mixture models. Bottom:
survivor interaction contrast (SIC) predictions for the exhaustive coactive/parallel (left) and exhaustive serial/parallel (right) mixture models. Simulations of each component
process were instantiated as a pair of Poisson accumulators.

Fig. 4. Conflict contrast function (CCF) predictions for the parallel self-terminating/coactive (left) and parallel self-terminating/serial self-terminating (right) mixture models.
Simulations of each component process were instantiated as a pair of Poisson accumulators.

high conflict. The serial model is slowed more by low conflict since
the serial process can quickly reject the high conflict source and
switch to processing the target source. The exact shape of the CCF
is likely due to our adoption of a Poisson model to simulate each
channel.
4.4. Summary
Mixing serial, parallel, and coactive processes result in a wide
range of SFT signatures that go well beyond the canonical signatures initially studied by Townsend and Nozawa (1995) in their
classic paper. Relaxing the assumption that responses on all trials in an experiment are homogeneous (though stochastic) and
come from a single process by combining processes from different
distributions with different mixture-probabilities, allows a fair
amount of flexibility in the predicted signature. This flexibility is

also reflected in the simulated behavioral outcomes, as measured
by SIC(t), C(t), and CCF(t), which change with the change in the
mixing proportion p. Thus, instead of a unique and well-defined
SIC signature for a parallel model (say, positive for all time t), a
mixture of parallel and coactive processes could predict anything
between all-positive SIC to partly-negative (for early t) partlypositive (for longer t) SIC(t), as shown in the top left panel of Fig. 3.
Critically, however, our simulations reveal that these changes are
completely predictable (as suggested informally by Fifić, Townsend
et al., 2008). That is, the SIC(t) and C (t) signatures of probability
mixtures are bounded between the extreme signatures defined by
p = 0 and p = 1. Moreover, within these bounds they change in a
predictable and systematic way, looking similar to parallel signature for small p, and gradually taking the SIC form of the alternate

Please cite this article in press as: Little, D.R., Eidels, A., Houpt, J.W. et al., Systems Factorial Technology analysis of mixtures of processing architectures. Journal of
Mathematical Psychology (2018), https://doi.org/10.1016/j.jmp.2018.10.003.

10

D.R. Little, A. Eidels, J.W. Houpt et al. / Journal of Mathematical Psychology xxx (xxxx) xxx

component in the mixture as p increases. To further validate our
findings, we extended the scope of our simulations, and repeated
them with different underlying processes, to ascertain our results
can be generalized. For instance, the same regularities were also
observed when the channel simulations were based on separate
diffusion decision processes (Ratcliff, 1978, see Appendix A) or
on Linear Ballistic Accumulators (Brown & Heathcote, 2008, see
Appendix B) or on separate discrete random walk models (Fifić et
al., 2010; Little, 2012; Luce, 1986, see Appendix C).
5. Relation to interactive parallel models
A somewhat similar systematic transition in the SIC(t) and
C (t) functions from one signature to another as model parameters
change was observed by Eidels et al. (2011), who documented
changes in SIC(t) and C (t) for simulated data from interactive Poisson channel models, which were formed by gradually increasing
the strength of a facilitatory or inhibitory cross-channel interaction. This type of interactive cross-talk between parallel channels
is popular in models of decision making (Cox & Criss, 2017; Roe,
Busemeyer, & Townsend, 2001; Teodorescu & Usher, 2013; Usher
& McClelland, 2001) though often instantiated using different assumptions.
For comparison, we plot the predictions of these models in Fig. 5
for the SIC in OR and AND models, COR (t), CAND (t), and, not previously reported, CCF(t), cases in Fig. 5. Like the mixture model predictions, the interactive parallel models show a smooth transition
between independent and dependent predictions. For instance, the
capacity coefficient predictions for the facilitatory parallel model
vary from unlimited to supercapacity. Likewise, the capacity coefficient predictions for the inhibitory parallel model vary from unlimited to limited capacity in a regular fashion. These predictions are
virtually identical to the mixture model predictions shown in Fig. 2.
For the SIC predictions, the facilitatory model shows the
coactive-like signatures at higher level interactions as in the parallel/coactive mixture predictions shown in Fig. 3. The inhibitory SIC
predictions, however, only resemble the parallel/serial model predictions for the exhaustive models (i.e., the SICAND (t)) case. For the
self-terminating models (the SICOR (t) predictions), the inhibitory
model continues to show a SIC function with a positive deflection from the zero line even with high degrees of inhibition. By
contrast, when the proportion of parallel processing in the parallel/serial mixture model is zero, the self-terminating SICOR (t) function equals 0 for all t as expected from the serial self-terminating
component of the model. Evidently, parallel/serial mixtures and
inhibitory parallel interactions diverge in the predictions made for
targets of varying salience when self-termination is possible (i.e., in
the double factorial OR decision rule design).
Eidels et al. (2011) did not examine the CCF(t) predictions for
the interactive parallel models; consequently, we examined those
predictions here. We used the same matrix method as described
above for simulating the coactive model but varied the probability
of sharing an inhibitory count across channels from 0 to 1 in steps
of .25. We find that CCF(t) varies for the facilitatory and inhibitory
parallel models smoothly in a similar manner as predicted by the
parallel/coactive and parallel/serial mixture models, respectively.
Evidently, as the level of facilitation increases, the stronger conflicting source slows down the facilitatory parallel more relative
to the weaker conflicting source. By contrast, in the inhibitory
parallel model, inhibition of a conflicting source results in faster
completion for the stronger conflict source allowing the process to
then process target source without interference.

5.1. Differentiating mixtures from parallel interactions
Although the SFT measures for the mixture models and the
interactive parallel models are qualitatively similar, the two classes
of models can be differentiated by examining the so called ‘‘fixedpoint property’’ (Falmagne, 1968; Luce, 1986; van Maanen, de Jong,
& van Rijn, 2014). The fixed-point property of mixture models
refers to the fact that there exists a point on the shared support of
the distributions that has the same probability density across different proportional mixtures of the same initial distributions (van
Maanen et al., 2014). This is shown clearly in the top left panel of
Fig. 6 for the mixture of serial and parallel processing. This property
does not hold for the interactive parallel models (see the bottom
left panel).
As shown in van Maanen et al., the fixed point can be easily
identified by taking the pairwise difference between the density
functions (see right hand panels, Fig. 6). To examine the difference in the model predictions in more detail, again following van
Maanen et al., we simulated 50 subjects from the mixed serial–
parallel exhaustive model and 50 subjects from the inhibitory
parallel model using our Poisson implementations of these models.
For each subject, we sampled 10,000 RTs at three levels of mixture
(.2, .6, and 1) and three levels of inhibition (.25, .50, and .75).
We then computed a Bayes Factor, BF10 , testing the hypothesis
that the fixed points take on different values across the three
condition levels against the null mixture model prediction that the
fixed points all have the same value. For the mixture model, the
BF10 = 0.13 indicating moderate evidence in favor of the null
hypothesis (Jeffreys, 1961); by contrast, for the inhibitory parallel
model, the BF10 > 100 indicating extreme support against mixture
model prediction.
In summary, the fixed point property allows for a strong test
to determine whether the RTs are being generated by a mixture.
Empirically, this would involve testing conditions that include
manipulations to selectively influence the proportion of each process. Examples of such a manipulation might include the degree
of training or the discriminability of the features. Our interactive
parallel simulations indicate that the fixed-point property does not
hold for the parameter settings that we have utilized in our demonstrations. Future work should examine the generality of this failure
of the fixed point property for interactive parallel models. When
coupled with SFT, testing the fixed-point property allows one to
differentiate a much larger class of models including mixtures and
interactions, providing for an analysis of the system’s properties
across the entire time course.
5.2. Limitations
The mixture models investigated in this article reflect a systemlevel process that has a stable mixing probability. That is, the
mixture proportion takes the same value across all of the stimuli
and is therefore independent of the particular stimulus values that
are used. There are cases in which processing may change not only
quantitatively but also qualitatively as a function of the stimulus.
For example, in visual search, some models assume that an initial
parallel process scans the visual display and can locate certain
types of targets (e.g., pop-out targets); however, if the target is not
located, the parallel process can highlight areas for processing by
more controlled serial scan (Wolfe, 2007). Similarly, in the Stroop
task, early detection of congruence might result in parallel or
coactive processing of the color-word stimulus but detection of incongruence might trigger a more controlled serial process (Eidels,
Townsend, & Algom, 2010; Little et al., 2018). In both of these cases,
detection that the stimulus will require increased control over
processing leads to a change in the processing strategy (Dosher,
Han, & Lu, 2010; Fischer & Plessow, 2015; Luria & Meiran, 2005).
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Fig. 5. The top row shows the results from the facilitatory parallel model; the bottom row shows the results for the inhibitory parallel model. The level of interaction was
varied from 0 to 1 in steps of .2. The first column shows the SICOR (t) function, the second column shows the SICAND (t) function, the third column shows the COR (t) function,
the fourth column shows the CAND (t) function, and the fifth column shows the CCF(t) function.

Fig. 6. Top left panel: Density functions, f (t) from a mixture of serial and parallel processes. The legend indicates the proportion of the serial process in the mixture. The
dotted vertical line indicates the fixed point. Top right panel: Pairwise differences between densities from the mixed serial–parallel models. The dotted vertical line indicates
the shared zero crossing point. Bottom left panel: Density function from an inhibitory parallel process. Bottom right panel: Pairwise differences between densities from the
inhibitory parallel process.
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Fig. A.1. Diffusion mixture model predictions. Top: OR capacity coefficient predictions for the parallel/coactive (left) and the parallel/serial (right) models. Bottom: AND
capacity coefficient predictions for the parallel/coactive (left) and the parallel/serial (right) models.

Although these types of mixtures may be more difficult to identify,
it is possible that the fixed-point property that we utilized above
might be used to determine whether a change in processing across
stimuli results from a mixture of this sort.
In practice, meeting the assumptions of the fixed point test
(i.e., that only the proportional mixture of each component
changes across conditions) may be difficult; however, we do not
think that these manipulations would be any more difficult than,
for instance, meeting the selective influence assumptions of SFT or
the equal variance property of signal detection theory. There are
several methods that might be employed to selectively manipulate
the proportion of each component in the mixture. For instance,
in the serial–parallel models, one might use instructions, distance
between features, or manipulations of cognitive workload.
The main limitation of the fixed point test is that failure to find
a fixed point effect does not provide any information for or against
a mixture model. For instance, if the proportion of the mixture is
not selectively influenced (that is if the manipulation influences
other parameters which change the shape of the component distributions), then the fixed point will not be observed even though
the data are still generated from a mixture. Additionally, the failure
of finding a fixed point could also indicate that the models do not
come from a mixture. On the other hand, finding a fixed point is
very strong evidence in favor of a mixture model. In summary, the
main limitation of the test is that the inference is one way.
5.2.1. Feasibility of estimating mixture models with real data
Although we have demonstrated that several mixtures models
have clear-cut predictions within the methodology of SFT, it remains to be addressed how easily mixture models can be estimated
with real data. First, we would point out that the SFT predictions
are non-parametric and derived from the data, and do not require
estimation of model parameters. That said, prior application of
mixture models has often used parametric model estimation, for
one, because there were no available SFT predictions. For example,
using a double-factorial categorization design (termed the logical
rules paradigm; Fifić et al., 2010), several papers have now shown
that mixture models (specifically mixtures of parallel and serial

processing) provide a better explanation of the categorization of
separable dimensions than do either the pure serial or pure parallel
model (Cheng et al., 2017; Little et al., 2011; Moneer et al., 2016).
The estimation of the mixtures is made identifiable by the fact
that the pure serial, parallel, and coactive models have different
distributional shapes. Although the mixture models are more complex, the SFT results show that the mixture models apply when,
for instance, the SIC results are inconsistent with the predictions
of the pure models. In practice, one can complement the nonparametric results with parametric model fitting. Our simulations
illustrate three ways of parametrically instantiating the mixture
models. Beyond our own work, mixture models have fitted to data
in Diederich (2008, 2016). In these papers, concerned with payoffs
in multistage decision making, payoff processing, occurring on
some trials, was mixed with stimulus processing, on other trials.
5.3. Conclusions
The main purpose of the current paper was to extend SFT
beyond the canonical predictions of ‘pure’ serial, parallel, and
coactive architectures. We investigated SFT predictions for cases
in which processing architecture could change on a trial-by-trial
basis, resulting in probability mixtures of pure processing models. The SFT predictions for mixtures of processing models follow
intuitive expectations. From one perspective, this offers a sanity
check on the SFT measures that they produce coherent predictions
even when the scope of their application is extended beyond its
original domain. A second contribution of the present work is that
it demonstrates that prior model fitting applications of mixture
models to data can also benefit from considering the nonparametric SFT diagnostic measures. For instance, across several papers, we
have complemented the non-parametric SFT analyses with parametric model fitting (Cheng et al., 2018; Little et al., 2011; Moneer
et al., 2016). One benefit of the parametric models is that it allows
testing of mechanisms which extend beyond the ‘‘pure’’ systems
considered by SFT. Here we have extended those non-parametric
analyses in a way that allows one to examine the evidence for
mixtures of processes.
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Fig. A.2. Diffusion mixture model predictions. Top: SICOR (t) predictions for the self-terminating parallel/coactive (left) and self-terminating parallel/serial (right) mixture
models. Bottom: SICAND (t) predictions for the exhaustive parallel/coactive (left) and exhaustive parallel/serial (right) mixture models.

Fig. A.3. Diffusion mixture model predictions. Left: CCF(t) predictions for the parallel/coactive model. Right: CCF(t) predictions for the parallel/serial mixture models.

Appendix A. Diffusion model simulations
We simulated the mixture model results under the assumption
that each channel was a standard diffusion decision model (DDM;
Ratcliff, 1978). We used the DDM implementation by Verdonck,
Meers, and Tuerlinckx (2015). Each of the diffusion processes is
characterized by the following parameters: drift rate, νi for each of
the stimulated channels i, an upper threshold, a, the width of the
uniform starting point distribution, u, and the standard deviation of

the normal drift distribution representing between-trial variability, η. The lower bound was set to 0, the starting point was set to
.5 × a and the diffusion constant was fixed at .1. The non-decision
time, Ter , and non-decision time variability parameters, sTer , were
set to zero to avoid any contamination of the capacity measures
due to the additional influence of base processing time (Townsend
& Eidels, 2011; Townsend & Honey, 2007). Parameter values for
each model for the simulations are shown in Tables A.1 and A.2.
For each stimulus, 100,000 RTs were simulated; the output
of the Verdonck et al. implementation provides the simulated
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Fig. B.1. Linear ballistic accumulator predictions. Top: OR capacity coefficient predictions for the coactive/parallel (left) and serial/parallel (right) mixture models. Bottom:
AND capacity coefficient predictions for the parallel/coactive (left) and parallel/serial (right) mixture models.

Fig. B.2. Linear ballistic accumulator predictions. Top: survivor interaction contrast (SIC) predictions for the self-terminating coactive/parallel (left) and self-terminating
serial/parallel (right) mixture models. Bottom: survivor interaction contrast (SIC) predictions for the exhaustive coactive/parallel (left) and exhaustive serial/parallel (right)
mixture models.

predictions binned into 1 ms bins ranging from 0 to 3000 ms and
normalized as an estimator of the predicted probability density
function, f (t), for the coactive model. For the remaining models,
the individual channels were combined using Eqs. (8)–(11). The
results of the mixture simulations were qualitatively the same
as the Poisson mixture model simulations. The results of these
simulations are shown in Figs. A.1–A.3.
Appendix B. Linear ballistic accumulator model simulations
We simulated the mixture model results under the assumption
that each channel was an independent linear ballistic accumulator, with an error drift rate set to zero. Each of the accumulator
processes is characterized by the following parameters: drift rate
νi , for each of the simulated channels i, a response threshold, b,
the width of the uniform starting point distribution, A, and the
standard deviation of the normal drift distribution representing

between trial variability, s. Response thresholds were set to 3,
starting point variability was set to 2 and the standard deviation of
the drift was set to 1. The non-decision time parameter, Ter, was set
to 0. Drift rates for each model for the SIC and capacity coefficient
simulations are shown in Table B.1.
To simulate the coactive LBA model, complete cross-talk between the processing channels was assumed, such that sharing
the probability of a single count was always 1. Predictions for the
coactive model were simulated by summing the drift rates sampled
from two independent channels, ν1 and ν2 . The drift rate for each
independent channel was sampled from a normal distribution,
centered on νi , with standard deviation s. For each stimulus, 1
million RTs were simulated; RT predictions were binned by 5 ms
ranging from 0 to 2000 ms.
For the remaining models, individual channels were combined
using Eqs. (8)– (11). The results of these simulations are shown
in Figs. B.1–B.3. Note: to generate comparable mean RTs, the

Please cite this article in press as: Little, D.R., Eidels, A., Houpt, J.W. et al., Systems Factorial Technology analysis of mixtures of processing architectures. Journal of
Mathematical Psychology (2018), https://doi.org/10.1016/j.jmp.2018.10.003.

D.R. Little, A. Eidels, J.W. Houpt et al. / Journal of Mathematical Psychology xxx (xxxx) xxx

15

Fig. B.3. Linear ballistic accumulator predictions. Left: conflict contrast function (CCF) predictions for the self-terminating parallel and self-terminating coactive mixture
models (left) and self-terminating parallel and self-terminating serial mixture models (right).

Fig. C.1. Random walk accumulator predictions. Top: OR capacity coefficient predictions for the coactive/parallel (left) and serial/parallel (right) mixture models. Bottom:
AND capacity coefficient predictions for the parallel/coactive (left) and parallel/serial (right) mixture models.
Table A.1
Drift rates for each stimulus (Coactive) or stimulus component (Serial & Parallel)

Table A.2
Parameter settings for each simulation.

Stimulus

Coactive

Stimulus

Serial

Parallel

Measure

a

u

η

Ah Bh
Ah Bl
Al Bh
Al Bl
Xh Yh
Xh Yl
Xl Yh
Xl Yl
Al Yh
Al Yl
X h Bl
X l Bl

8.16
5.50
5.50
2.80
−3.36
−1.08
−1.08
−0.31
1.18
1.50
1.18
1.59

Ah
Al
Bh
Bl
Xh
Xl
Yh
Yl

6.61
1.67
6.61
1.67
−6.61
−1.67
−6.61
−1.67

6.61
1.67
6.61
1.67
−6.61
−1.67
−6.61
−1.67

COR (t)
CAND (t)
SICOR (t)
SICAND (t)
CCF(t)

.7
.7
.5
.5a
.7

.1
.1
.25
.25
.1

.1
.1
.1
.1
.1

Note: A & B and X & Y are used to refer to channels in which the evidence is either
positive (i.e., drifting toward the upper bound) or negative (i.e., drifting toward the
lower bound), respectively. We use the A & B values to simulate the SICOR (t) function
and the X & Y values to simulate the SICAND (t) function. The subscripts h and l refer
to the salience of the channel.

threshold and starting point parameters were decreased to
1.75 and 1.3 respectively, for parallel exhaustive models in the
comparison of coactive and parallel exhaustive mixtures; and for

a: To generate comparable mean RTs between the coactive and parallel and the
serial and parallel models, the coactive and serial a parameters were decreased to
.3 for the SICAND (t) simulations.

serial exhaustive models in the comparison of serial and parallel
exhaustive mixtures.
Appendix C. Random walk model simulations
We simulated the mixture model results under the assumption that each channel was a random walk. Each random walk is
characterized by the following parameters: step rate νi , where ν
represents the rate at which discrete steps are sampled for each
of the simulated channels i, threshold a and bias β . Bias was kept
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Fig. C.2. Random walk accumulator predictions. Top: survivor interaction contrast (SIC) predictions for the self-terminating coactive/parallel (left) and self-terminating
serial/parallel (right) mixture models. Bottom: survivor interaction contrast (SIC) predictions for the exhaustive coactive/parallel (left) and exhaustive serial/parallel (right)
mixture models.

Fig. C.3. Random walk accumulator predictions. Conflict contrast function (CCF) predictions for the self-terminating parallel and self-terminating coactive mixture models
(left) and self-terminating parallel and self-terminating serial mixture models (right).

constant at 0 for all simulations and target channel and error
thresholds was set to 115 and −115, respectively.
Each step of the random walk was a discrete value of 1 or
-1, with steps accumulating toward the upper or lower response
threshold. Step rate ν of the random walk was a probability bound
between 0 ≤ ν ≤ 1, with ν less than 0.5 increasing the rate at which
negative steps were sampled, and ν greater than 0.5 increasing
the rate at which positive steps were sampled. The non-decision
time parameter, Ter was set to 0. We adopted this assumption since
we are primarily interested in mixtures of the decision stage of
processing; however, it must be acknowledged that manipulations
of salience may also affect non-decision processes like encoding.
Step probabilities for each model in the SIC, capacity coefficient and
CCF simulations are shown in Table C.1.
Coactive random walk model
To simulate the coactive random walk model, complete crosstalk between processing channels was assumed. Predictions for the
coactive model were simulated by summing the two independent

Table B.1
Drift rates for each stimulus component and their combination (Coactive) or individual stimulus component (Serial & Parallel) for SIC and capacity coefficient
mixtures.
Stimulus

Coactive

Stimulus

Serial

Parallel

Ah Bh
Ah Bl
Al Bh
Al Bl
Xh Yh
Xh Yl
Xl Yh
Xl Yl
At Yh
At Yl
X h Bt
X l Bt

10.8
6.8
6.8
2.8
10.8
6.8
6.8
2.8
2
2.4
2
2.4

Ah
Al
Bh
Bl
Xh
Xl
Yh
Yl

7
3
7
3
7
3
7
3

7
3
7
3
7
3
7
3

Note: We use the A & B values to simulate the SICOR (t) function and the X & Y
values to simulate the SICAND (t) function. The subscripts h and l refer to the salience
of the channel, and the subscript t refers to a fixed salience target channel used
when calculating the CCF(t) function. Coactive drift rates were identical for SICOR
and SICAND functions.
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Table C.1
Random walk step probabilities, reported in terms of ν , for each stimulus component and their combination (Coactive) or individual stimulus component (Serial &
Parallel) for SIC and capacity coefficient mixtures.
Stimulus

Coactive

Stimulus

Serial

Parallel

Ah
Al
Bh
Bl
Xh
Xl
Yh
Yl
At Yh
At Yl
Xh Bt
Xl Bt
Ah Bh
Ah Bl
Al Bh
Al Bl
Xh Yh
Xh Yl
Xl Yh
Xl Yl

.64
.57
.64
.57
.64
.57
.64
.57
.54
.51
.54
.51
Ah + Bh
Ah + Bl
Al + Bh
Al + Bl
Xh + Yh
Xh + Yl
Xl + Yh
Xl + Yl

Ah
Al
Bh
Bl
Xh
Xl
Yh
Yl

.685
.63
.685
.63
.685
.63
.685
.63

.685
.63
.685
.63
.685
.63
.685
.63

Note: We use the A & B values to simulate the SICOR (t) function and the X & Y values
to simulate the SICAND (t) function. The subscripts h and l refer to the salience of the
channel, and the subscript t refers to the fixed salience target channel used when
calculating the CCF(t) function.

accumulator channels, ν1k and ν2k , at each step of the independent
random walks, k. This is shown in Table C.1 by the summation
of the terms. For each stimulus, 100,000 RTs were simulated; RT
predictions were binned by 5 ms ranging from 0 to 2000 ms.
For the remaining models, individual channels were combined
using Eqs. (8)– (11). The results of these simulations are shown in
Figs. C.1–C.3. Note: to generate comparable mean RTs, the threshold parameter was decreased to 67 for parallel exhaustive models
in the comparison of coactive and parallel exhaustive mixtures;
and for serial exhaustive models in the comparison of serial exhaustive and parallel exhaustive mixtures.
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