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Model Specifications

Below we specify the models we implemented to evaluate the difference between

single-word and paired-word recognition as well as the interaction of decisions within

paired-word trials.

Continuous model

To model single-word recognition decisions based on a continuous memory signal,

we used signal detection theory (SDT; Swets et al., 1961), corresponding to a

one-dimensional variant of the general recognition theory (Ashby & Townsend, 1986).

In SDT, it is assumed that the familiarity for targets and lures follows Gaussian

distributions, with targets ∼ N (µolds , σold) and lures ∼ N (µnew, σnew). Without loss of

generality, identifiability can be established by fixing µnew to 0 and σnew to 1. The

distance between the modes of the familiarity signal for targets and lures is represented

by µolds . Within SDT an ‘old’ response is given if the familiarity for a certain trial

exceeds a criterion cs, otherwise the answer ‘new’ is given. The probability of a hit H,

the correct response to a target, is given by Pr(H) = 1− φ( cs−µolds

σolds
), and the probability

of a false alarm FA, the incorrect answer to a lure, is given by Pr(FA) = 1− φ(cs),

where φ is the cumulative distribution function of a standard normal distribution.

To model paired-word recognition, we used GRT (see Ashby & Townsend, 1986).

We considered two continuous familiarity dimensions, one for left and one for right

words. The familiarities for each of the pair types (new–new, new–old, old–new and

old–old) follow bivariate normal distributions with means µi and a variance–covariance

matrix Σ. The vector of means for the different pair types is as follows:

µnew–new = (µnew, µnew); µnew–old = (µspill, µoldp); µold–new = (µoldp , µspill);

µold–old = (µoldp + µspill, µoldp + µspill), where µnew represents the mean familiarity for

lures, µoldp the mean familiarity for targets, and µspill spill-over effects that are added to

the respective mean. Those spill-over effects are defined as µspill = p× µj, where µj

represents the mean familiarity of the other dimension and p ranges between -1 and 1.

Without loss of generality, µnew is fixed to 0 as in SDT. Within each pair type, spill-over
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occurring between the two individual elicited familiarity signals are captured by the

correlation % of the bivariate familiarity distributions. Their variance-covariance

matrices can be determined for each pair type by considering the respective

combination of σnew, standard deviation for lures, σold, standard deviation for targets,

and %. As for the SDT and without loss of generality, σnew is fixed to 1. To link the

model for single- and paired-word recognition, we restricted σold to be equal for single-

and paired-word trials.

Two different response criteria have to be implemented, one for each dimension.

They take the shape of straight lines Xcl
and Xcr in the bivariate familiarity space,

partitioning that space into four response regions (see Figure 1 in the body of the text),

corresponding to the four response options. To allow for dependencies between the

items of a pair at the decisional level, we allowed both slopes and intercepts to vary

independently: Xcl
= bl × fr + cl and Xcr = br × fl + cr, where c represents the

considered criterion if the other word is an average lure, f the amount of familiarity

accumulated for the other dimension, and b the degree of decisional dependencies. We

restricted b to the interval [-1, 1].

Discrete-state model

Within the class of discrete-state models, recognition decisions are made either in

detection states or, if detection failed, in states of uncertainty. The two-high threshold

model (2HTM) for single-word recognition specifies the probability of a hit H as

Pr(H) = dos + (1− dos)× gs, where dos is the probability of a target being detected as

‘old’ and gs is the probability of guessing ‘old’ if detection fails (1− dos). A hit either

results from correctly detecting a target as being ‘old’ or from correctly guessing ‘old’.

The probability of a false alarm FA is given by Pr(FA) = (1− dn)× gs, where dn is the

probability of detecting a lure as ‘new’.

We extended the 2HTM to paired-word trials by assuming two separate decisions.

To allow for dependencies between the items of a pair at the decisional level, we allowed

all uncertainty states to have different guessing probabilities. For example, the



SUPPLEMENTARY: PAIRED RECOGNITION 4

probability of a new–old pair being correctly classified is given by

Pr(‘new–old’|new–old) = dn × (dop − ρ)

+dn ×
(
1− (dop − ρ)

)
× gldn

+(1− dn)× dop × (1− grdo)

+(1− dn)× (1− dop)× (1− glru)× glgn.

A correct answer can be given through four different paths: 1) detecting the left

word correctly as ‘new’ (dn) and the right word as ‘old’ (dop − ρ, parameter ρ is

explained below), 2) detecting the left word as ‘new’ and guessing ‘old’ for the right

word ((1− (dop − ρ))× gldn), 3) guessing ‘new’ for the left word ((1− dn)× (1− grdo))

and detecting the right word as ‘old’, or 4) guessing ‘new’ for the left word

((1− dn)× (1− glru)) and ‘old’ for the right word ((1− dop)× (glgn)). The full model

has a total of 10 parameters in the paired-word part: dop (dn) probability of detecting a

target (lure), glru probability of guessing ‘old’ for the left word given both words are in

a state of uncertainty, grdo (grdn) probability of guessing ‘old’ for the left word given the

right word was detected as ‘old’ (‘new’), gldo (gldn) probability of guessing ‘old’ for the

right word given the left word was detected as ‘old’ (‘new’), glgo (glgn) probability of

guessing ‘old’ for the right word given the left word was guessed to be ‘old’ (‘new’). For

comparability with the GRT, we added the parameter ρ to allow for dependencies

within mnemonic processes: If the left word was detected, ρ is added to the detection

probability of the right word if the pair is of type new–new or old–old, else it is

subtracted. Behaviorally, this can be understood as a facilitation to detect the right

word if the left word was already detected and both words belong to the same kind

(target or lure). Because detection probabilities have to range in the interval from 0 to

1, the addition was actually done on a probit scale with probit-performed parameter

values for the detection probabilities and parameter ρ. Parameter ρ can be positive,

corresponding to positive dependencies between old and new detect states as just

described, as well as negative, corresponding to negative dependencies.
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To link single with paired-word recognition, we restricted dn to be equal for single-

and paired-words. As an additional benefit, this makes the estimation of both do and dn

possible within single-word recognition, which is usually not possible due to

identifiability issues.

Priors

The models were specified hierarchically with separate parameters for overall means

and for random effects by participants. A complete list of priors and individual-level

parameter transformations is provided in Table S 1. Mean differences between

corresponding parameters of single-word and paired-word recognition trials as well as

parameters encoding dependencies between these trials were effect-coded with priors for

the effect parameters specifying medium-sized effects a priori (Wagenmakers et al.,

2010).

Parameter estimates of the best-fitting models from Experiments 1 and 2

Table S 2 reports the parameter estimates of the best-fitting models from

Experiments 1 and 2.
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Table S 1
Priors, transformations, and meanings for each parameter of both model classes (Class), general
recognition theory (GRT) and two-high threshold model (2HTM)

Class Parameter Prior Transformation Meaning

GRT

Σ Cauchy(0, 2.5) SDs of person-level parameters

Ω LKJ(df=4) Correlation matrix of person-level param-
eters

δ MVN(0,ΣtΩΣ) mixeda Person-level deviations from group-level
means

µmean NT [0,inf) (0, 2) Mean familiarity for studied words

µdiff N (0, 0.3) exp(X)
Effect of test type (single vs. paired) on
mean familiarity of studied words (on a log
scale)

p N (0, 0.2622003) −1 + 2× φ(X) Spill-over effect

% N (0, 0.2622003) −1 + 2× φ(X) Correlation between the two familiarity di-
mensions

bl, br N (0, 0.2622003) −1 + 2× φ(X) Adjustment of threshold based on other
item’s familiarity

cmean, cr N (0, 1) Mean threshold location for single and left
paired words as well as right paired words

cdiff N (0, 0.5244005) Effect of test type (single vs. left paired
words) on cmean

σold U (0, 2) 1 +X SD of studied words’ familiarity

2HTM

Σ Cauchy(0, 2.5) SDs of person-level parameters

Ω LKJ(df=4) Correlation matrix of person-level distribu-
tions

δ MVN(0,ΣtΩΣ) φ(X) Person-level deviations from group-level
means

do N (0, 1) φ(X) Probability of detecting studied words

dosp N (0, 0.5244005) φ(X) Effect of test type (single vs. paired) on
the probability of detecting studied words

dn N (0, 1) φ(X) Probability of detecting non-studied words

gs, lru N (0, 1) φ(X)
Probability of guessing ‘old’ for single
words and left-paired words, conditional on
being in a state of uncertainty

gdiffsp N (0, 0.5244005) φ(X) Effect of test type (single vs. paired) on
gs, lru

gld N (0, 1) φ(X) Probability of guessing ‘old’ for the right
word if the left word was detected

gldno N (0, 0.5244005) φ(X)
Difference in the probability of guessing
‘old’ for the right word if the left word was
detected as ‘new’ vs. ‘old’

grd N (0, 1) φ(X) Probability of guessing ‘old’ for the left
word if the right word was detected

grdno N (0, 0.5244005) φ(X)
Difference in the probability of guessing
‘old’ for the left word if the right word was
detected as ‘new’ vs. ‘old’

glg N (0, 1) φ(X) Probability of guessing ‘old’ for the right
word if the left word was not detected

glgno N (0, 0.5244005) φ(X)
Difference in the probability of guessing
‘old’ for the right word if the left word was
guessed ‘new’ vs. ‘old’

ρ N (0, 0.2622003) φ(X) Dependencies within detection based on
pair type

Note. SD = standard deviation; MVN = multivariate normal distribution; N (µ, σ2) = normal
distribution with mean µ and variance σ2; U (a, b) = uniform distribution with support x ∈ [a, b]; Φ =
probit transformation. LKJ is a distribution described in Lewandowski et al. (2009). Within the
transformations, X is used to represent the respective untransformed parameter.
aDepends on corresponding group-level parameter.
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Table S 2
Mean parameter values (M), standard deviations (SD), and the 95% posterior interval
(95% PI) for the best-fitting general recognition theory (GRT) and the two-high
threshold model (2HTM) for Experiments 1 and 2

Experiment 1 Experiment 2
M (SD) 95% PI M (SD) 95% PI

GRT

µolds 2.20 (0.27) [1.75, 2.80]
cs 0.94 (0.05) [0.85, 1.04]
µoldp 1.78 (0.20) [1.44, 2.24] 1.90 (0.20) [1.54, 2.34]
µspill 0.08 (0.03) [0.02, 0.15] 0.29 (0.07) [0.16, 0.42]
% 0.05 (0.03) [-0.01, 0.11] 0.33 (0.07) [0.19, 0.46]
σold 1.79 (0.34) [1.22, 2.57] 2.09 (0.30) [1.55, 2.72]
cl 0.94 (0.05) [0.85, 1.04] 0.98 (0.06) [0.87, 1.10]
cr 1.01 (0.05) [0.91, 1.12] 0.98 (0.06) [0.87, 1.09]
bl 0.11 (0.03) [0.04, 0.18]
br 0.14 (0.04) [0.07, 0.21]

2HTM

dos 0.61 (0.03) [0.55, 0.68]
gs 0.39 (0.03) [0.35, 0.46]
dop 0.52 (0.05) [0.44, 0.59] 0.45 (0.05) [0.34, 0.54]
dn 0.50 (0.06) [0.38, 0.61] 0.60 (0.05) [0.51, 0.69]
glru 0.39 (0.03) [0.35, 0.46] 0.46 (0.03) [0.40, 0.52]
glgn 0.38 (0.03) [0.32, 0.45] 0.43 (0.04) [0.35, 0.51]
glgo 0.38 (0.03) [0.32, 0.45] 0.45 (0.04) [0.37, 0.53]
grdn 0.35 (0.04) [0.26, 0.43] 0.38 (0.04) [0.29, 0.46]
grdo 0.45 (0.05) [0.36, 0.56] 0.51 (0.05) [0.41, 0.62]
gldn 0.30 (0.05) [0.20, 0.40] 0.41 (0.04) [0.33, 0.50]
gldo 0.41 (0.05) [0.32, 0.51] 0.41 (0.04) [0.33, 0.50]

Note. Empty cells denote parameters that have been fixed in the respective model. The
parameter ρ was not included in the best-fitting two-high threshold models and is therefore
not reported here. Cells in which the same parameter estimates are reported denote
parameters that have been estimated with an equality constraint.
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