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Abstract Signal-detection theory, and the analysis of receiver-
operating characteristics (ROCs), has played a critical role in the
development of theories of episodic memory and perception.
The purpose of the current paper is to present the ROC
Toolbox. This toolbox is a set of functions written in the
Matlab programming language that can be used to fit various
common signal detection models to ROC data obtained from
confidence rating experiments. The goals for developing the
ROC Toolbox were to create a tool (1) that is easy to use and
easy for researchers to implement with their own data, (2) that
can flexibly define models based on varying study parameters,
such as the number of response options (e.g., confidence ratings)
and experimental conditions, and (3) that provides optimal rou-
tines (e.g., Maximum Likelihood estimation) to obtain parameter
estimates and numerous goodness-of-fit measures.The ROC
toolbox allows for various different confidence scales and cur-
rently includes the models commonly used in recognition mem-
ory and perception: (1) the unequal variance signal detection
(UVSD) model, (2) the dual process signal detection (DPSD)
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model, and (3) the mixture signal detection (MSD) model. For
each model fit to a given data set the ROC toolbox plots sum-
mary information about the best fitting model parameters and
various goodness-of-fit measures. Here, we present an over-
view of the ROC Toolbox, illustrate how it can be used to input
and analyse real data, and finish with a brief discussion on
features that can be added to the toolbox.

Keywords Signal detection theory - Open source software -
Memory - Perception

Signal-detection theory, and the analysis of receiver operating
characteristic (ROC) curves in particular, plays an important role
in understanding the processes supporting performance in differ-
ent cognitive domains, such as perception (e.g., Aly &
Yonelinas, 2012), working memory (e.g., Rouder et al., 2008),
and episodic memory (Egan, 1958; Green & Swets, 1988;
Yonelinas, 1999; for review, see Yonelinas & Parks, 2007).
Moreover, ROC analysis has been used to shed light on the
cognitive process affected in numerous clinical populations, such
as individuals with medial temporal lobe damage (Bowles et al.,
2007, 2010; Yonelinas et al., 2002), Alzheimer’s disease (Ally,
Gold, & Budson, 2009; for review, see Koen & Yonelinas,
2014), and schizophrenia (Libby, Yonelinas, Ranganath, &
Ragland, 2013). Indeed, the use of ROC analysis is very popular
in many different areas of cognitive psychology. However, there
is no standard analysis package to fit different signal detection
models to ROC data. This paper introduces the ROC Toolbox,
which was developed to address this gap in the field and provide
a standardized framework for the analysis of ROC data.

The ROC Toolbox is an open source code designed to fit
different models to ROCs derived from confidence ratings.
The current release of the toolbox can downloaded at
https://github.com/jdkoen/roc_toolbox/releases. The ROC
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toolbox was written in the Matlab programming language
because of the widespread use of the Matlab in both behavioral
and neuroscience research. Importantly, Matlab is a user-friendly
programming language that does not require extensive computer
programming expertise to use. There were three primary goals in
the development of this toolbox. The first, and most important,
goal was to develop code that can flexibly define ROC models
across numerous experimental designs. The second goal was to
develop a toolbox that uses widely accepted methods, such as
maximum likelihood estimation (Myung, 2003), for fitting
models to ROC data that are transparent to researchers and con-
trollable by the end-user. The third goal was to develop the
toolbox so that it can be expanded in the future to include new
models, goodness-of-fit measures, and other advancements re-
lated to ROC analysis.

The remainder of this paper will outline the features of the
ROC Toolbox in more detail. First, a brief overview of construct-
ing ROCs is presented. Second, the signal-detection models that
are currently included in the ROC Toolbox will be outlined.
Third, an example that outlines how to format data for use with
the ROC Toolbox, and how to define and fit a model to observed
data is provided. Some additional features of the ROC toolbox
are then discussed, with attention given to how the toolbox might
be expanded in the future. Given that some of the models that
will be described below were primarily developed to account for
various recognition memory phenomena (Yonelinas & Parks,
2007), much of the descriptions and discussion are couched in
the context of a simple recognition memory study.

Constructing ROCs from confidence data: A brief
overview

In a simple recognition memory experiment, participants are
presented with a list of items (e.g., words or pictures) to re-
member for a subsequent recognition test. At test, the studied
items are re-presented and intermixed with new items that
have not been studied, and participants are tasked with classi-
fying studied items as old (i.e., targets) and items not from the
study list as new (i.e., lures.). Although there are numerous
ways for obtaining data tailored to ROC analysis, the most
commonly used method is to ask participants to rate how
confident they are in their memory decisions (for examples
of alternative approaches, see Koen & Yonelinas, 2011;
Snodgrass & Corwin, 1988). The most common method is
to have participants make their old/new decisions using a 6-
point confidence scale (e.g., 6 — sure old, 5 — maybe old, 4 —
guess old, 3 — guess new, 2 — maybe new, 1 — sure new). The
idea is that the different levels of confidence reflect different
levels of response bias, or a tendency to classify a test item as
old. An ROC is constructed by plotting the cumulative hit rate
(i.e., correctly calling an old item “old”) against the cumula-
tive false alarm rate (i.e., incorrectly calling a new item “old”)
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for the different confidence ratings beginning with the “6—
Sure Old” response (i.¢e., the most conservative response bias;
see Fig. 1). Specifically, from left to right, the first point on the
ROC plots represents the hit and false alarm rates for the most
confident old response (e.g., six responses), the second point
represents the hit and false alarm rates for the two highest
confidence old responses (e.g., six and five responses), and
so on. Typically, the highest confidence new (lure) response is
not plotted on ROCs because it is constrained to have hit and
false alarm rates equal to 1.0.

There are many issues to consider when designing a study
for ROC analysis, including the number of target and lure
trials, the number of bins in the confidence scale, and the
model one wishes to fit to the data. These issues are beyond
the scope of the present paper. We refer readers to Yonelinas
and Parks (2007) in which these issues are discussed.

Signal-detection models

It is generally accepted that the shape of an observed ROC
curve provides information about the cognitive processes that
support performance on a particular task. To this end, many
different models have been put forth to account for data from
various paradigms in cognitive psychology (e.g., recognition
memory). These models range from simple threshold and con-
tinuous models to more complex models in which multiple

6+5+4+3+2,7"

Hit Rate

04 05 06 07 08 09 1

False Alarm Rate
Fig. 1 An example receiver-operating characteristic (ROC) curve de-
rived from standard a 6-point confidence scale where a 6 and 1 response
correspond to Sure Target and Sure Lure judgments, respectively.
Successive points on the ROC are, starting with the highest confidence
decision for targets, the cumulative hit rate plotted against the cumulative
false alarm rate
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distributions are mixed together (for a detailed description of
many different models, see Yonelinas & Parks, 2007). The
initial release of the ROC Toolbox includes three of the most
commonly used signal detection models: the unequal-variance
signal detection (UVSD) model (Egan, 1958; Mickes, Wixted,
& Wais, 2007), the dual-process signal detection (DPSD)
model (Yonelinas, 1994, 1999), and the mixture signal detec-
tion (MSD) model (DeCarlo, 2002, 2003; Onyper, Zhang, &
Howard, 2010).

Before outlining the parameterization of each model, there
are several issues that bear mention. First, for consistency, the
parameter notation utilized in this report and in the ROC
Toolbox is consistent with the notation that has been used in
the extant literature. In some cases, the notation used to de-
scribe the parameters of a model are theoretically loaded. For
example, two of the parameters of the DPSD model have been
dubbed the recollection and familiarity parameters, which im-
plies that the parameters directly measure the theoretical con-
structs of recollection and familiarity. However, the parame-
ters of a given signal-detection model are purely a mathemat-
ical description of the shape of the (best-fitting) ROC to the
data. The value of the best-fitting parameters does not provide
confirmation that a particular psychological process does or
does not contribute to performance on a given task. Whether a
given parameter actually reflects a given theoretical process
can at best only be inferred by measuring how the parameter
behaves across different experimental conditions (DeCarlo,
2002; e.g., DeCarlo, 2003; Harlow & Donaldson, 2013; for
a detailed discussion of this issue, see Koen, Aly, Wang, &
Yonelinas, 2013).

Second, the ROC Toolbox defines the UVSD, DPSD, and
MSD in their most general form. This provides the greatest
flexibility with respect to the models a researcher might want
to fit to their data. By defining models in the most general
form, this greatly increases the number of models that are
available to researchers because any model nested within a
more complex model can be fit to a given data set with the
application of simple parameter constraints.

The following sections present the mathematical functions
of the the UVSD, DPSD, and MSD models. Moreover, the
sections below focus on the parameters that are specific to a
given model. The parameters for the response criteria — the
rate at which individuals classify items as belonging to a target
category — are always included in any signal detection model
that is fit to ROC data. In a typical model with N different
rating bins, there are N-1 criteria parameters for each pair of
target and lure trials. The parameters for the response criteria
are designated as ¢;, where i represents the /™ rating bin.

The UVSD model

The unequal-variance signal-detection (UVSD) model pro-
poses that the memory strength of target and lure items falls

on a continuum with the target distribution having a higher
average strength compared to the lure distribution. The lure
distribution is represented by a standard normal distribution
with a mean of 0 and a unit standard deviation. The free
parameters in this model are the mean (d') and standard devi-
ation (o) of the target distribution. Specifically, the UVSD
model predicts the cumulative proportion of target and lure
trials in each rating bin (B;) using the following formulas:

d/_C,‘
p(Target|B;) = @
o

p(Lure|B;) = @[]

The @ denotes a cumulative normal distribution. The left
side of the equations represents the predicted cumulative pro-
portion of target and lure items, respectively, that received a
rating greater than or equal to the /" rating bin. This notation is
also used in the models reported below. Moreover, the cumu-
lative proportion of trials for both targets and lures in the last
rating bin (which corresponds to the highest confidence lure
response) is always 1. The UVSD model can be reduced to a
simpler equal-variance signal-detection (EVSD) model by
constraining ¢ to unity.

The DPSD model

The dual-process signal detection (DPSD) model is derived
from dual-process theories of recognition memory that pro-
pose recognition memory is supported by two qualitatively
distinct processes — recollection and familiarity (for reviews,
see Yonelinas, 2002; Yonelinas, Aly, Wang, & Koen, 2010).
The DPSD model in its most complex form is characterized as
a mixture of a two-high threshold model and a UVSD model.
The two-high threshold component of the DPSD model de-
fines a target threshold parameter being labeled recollection of
“oldness” (R,) and the lure threshold parameter being labeled
recollection of “newness” (R,,). The UVSD component of the
model — typically labeled the familiarity component of the
DPSD model — comprises a parameters for the mean (dy)
and standard deviation (o) of the familiarity distribution.
The DPSD model predicts the cumulative proportion of target
and lure trials in each rating bin (B;) using the following for-
mulas:

p(Lure|B;) = (1-R,)®@[—¢;]

dp—c;
p(Target|B;) = Ry + (1-R,)® [F"]

For target items, the idea is that an item with a strength
above the R, threshold will always be classified as a target,
whereas classification of a target item falling below the R,
threshold is determined by the familiarity component of the
model. Lure items that have a strength above the R, threshold

@ Springer



Behav Res

are always classified as new. When a lure item’s strength falls
below the R, threshold, classification of new items is
governed by a standard normal distribution. The free parame-
ters in the full model are R,, R,,, dr, and op Although the o
parameter is allowed to vary in the ROC Toolbox, in the most
common formulation of the DPSD model the o parameter is
constrained to equal 1 (equivalent to an equal-variance signal
detection, or EVSD, model).

The MSD model

The mixture signal-detection (MSD) model proposes that
classification of target and lure items on a recognition test
are best modeled as a mixture of different Gaussian distribu-
tions. There are numerous theoretical proposals for why tar-
gets and lures could be modeled with a mixture of two distri-
butions, but an in depth discussion is beyond the scope of this
paper (for discussion, see DeCarlo, 2002, 2003; Harlow &
Donaldson, 2013; Koen et al., 2013; Onyper et al., 2010).
The ROC toolbox incorporates an expanded version of the
models outlined by DeCarlo (2003) and Onyper and col-
leagues (2010). The MSD predicts the cumulative proportion
of target and lure trials in each rating bin (B;) using the fol-
lowing formulas:

(dxr + d(I*Ar>>7C"

p(Target|B;) = Ar® } + (I-Ar)®

d(lAr)Ci:|

O\ (1-Xr)

’
7d/\L*C[

p(Lure|B;) = A\ @ + (1) D@[¢]

L

Note that the subscript for the d' and o parameters corre-
spond to whether the distribution falls above (i.e., A7) or be-
low (i.e., 1 — A7) a threshold. Additionally, a 7" subscript indi-
cates a parameter specific to the distribution for target items
whereas a L subscript indicates a parameter specific to the
distribution for lure items.

In the above model, the distribution representing target
items is modeled as a mixture of two Gaussian distributions
with (potentially) different means and standard deviations.
Specifically, target items that fall above the threshold for the
target distribution (A7) are sampled from a Gaussian distribu-
tion with a mean that is d:\T units larger than the mean of the
Gaussian distribution that falls below the target threshold
(d(’l—/\r))' The variances of the two distributions are o, and
0(1-)y) for the distribution falling above and below Az
respectively.

Similarly, lure items are modeled as a mixture of two dis-
tributions. The distribution falling below the lure item thresh-
old A\; (i.e., 1—);) is a standard normal distribution. The
distribution above the lure item threshold \; has a mean and
standard deviation of d:\L and o), , respectively. Note that the
mean for the above mentioned lure item distribution is
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negative, which simply reflects the fact that this distribution

is measuring the average strength that an item is a lure (i.e., not

a target). The potential free parameters of the MSD model
/

defined above are \g; a’;T, Oxrs d(l_/\r), T(1-Ar)> Az, and d/AL.
Typically, only a subset of these parameters will be relevant to
a given experimental question. For example, the standard
model fit to data from the simple item recognition we outlined

previously only estimates A7 and d//\r, and the remaining pa-

rameters are set to fixed values (which are outlined in the
manual).

Fitting models to data

This section briefly illustrates how to format data for use with
the ROC Toolbox and how to define and fit models to ob-
served data. The example response frequency data used in the
example outlined below is in Table 1. This data is from a
single participant in an unplublished study conducted by
Koen and Yonelinas. Participants in this experiment studied
an intermixed list of low and high frequency words for a
subsequent recognition memory test. At test, participants dis-
criminated studied words (targets) from new words (lures)
using a 20-point confidence scale with the following anchor
points: 20 — Sure Old, 11 — Guess Old, 10 — Guess New, 1 —
Sure New.

In this example, the most commonly applied form of DPSD
model is fit to the example data set with two conditions: high
versus low frequency targets and lures. For each condition,
separate R, and dr parameters, but not the R,, and o; are esti-
mated." The R, was allowed to take any value between 0 and 1.
There were no bound constraints on the d;c‘. The raw data and
Matlab code for this example are include as a Supplemental
Material and as a file in the ROC Toolbox (https://github.
com/jdkoen/roc_toolbox/blob/master/examples/BRM paper
supp_material.m).> Any reference to variables or functions used
in the example code appear in Courier New.

! The R, and o are are constrained to values of 0 and 1, respectively,
which conforms to the most ubiquitous formulation of the DPSD model
(e.g., Yonelinas, 1999).

2 The purpose of using data from a 20-point confidence scale in this
example with two different conditions is intended to show the flexibility
of the toolbox. The ROC Toolbox is (in theory) able to handle any num-
ber of different repeated-meausres conditions and any number of rating
bins ranging from , for instance, a standard 6-point scale to a more con-
tinuous, fine-grained confidence scale (e.g., Harlow & Donaldson, 2013;
Harlow & Yonelinas, 2016). To illustrate this, those interested can com-
bine the confidence bins in different ways, such as summing frequencies
across bins to produce 10 bins or 6 bins (e.g., Mickes et al., 2007), or fit
the model to only one condition. Importantly, the example code included
in the Suppplemental Material will fit the correct version of the DPSD
model outlined in the main text by simply changing the format of the
input data.
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Table 1

Example response frequencies from a single participant in an unplublished study by Koen and Yonelinas

Condition Confidence bin

20 19 18 17 16 15 14 13 12

11 10 9 8 7 6 5 4 3 2 1

Low Frequency
Targets 71 18 13 8 4 3 5 4 8
Lures 3 2 8 4 4 3 1 4 11
High Frequency
Targets 57 25 13 9 9 3 7 8 13
Lures 5 9 6 8 4 5 7 4 11

11 8 11 5 2 4 3 5 6 0
1220 13 10 7 8 5 15 17 28 6

Note. The confidence bins were labeled as follows: 20 — Sure Old, 11 — Guess Old, 10 — Guess New, 1 — Sure New

Step 1: Formatting data

The ROC Toolbox requires as data the response frequencies in
each rating (i.e., confidence) bin separately for target and lure
items in each condition. Specifically, two separate matrices —
one for the response frequencies to the target items and anoth-
er lure items — are required for the ROC Toolbox. Each matrix
must comprise C columns and R rows. The columns of each
matrix represent the different rating bins. The bins must be
ordered in a descending fashion such that the rating bin asso-
ciated with the highest confidence decision for a target item
(e.g., 20 — Sure OlId) is in the first column and the rating bin
associated with the highest confidence lure response is in the
last column (e.g., 1 — Sure New). The rows of each matrix
represents different within-participant experimental condi-
tions. Before continuing the discussion of the response fre-
quency matrices, we first define the data shown in Table 1 in
the appropriate format. The matrix for the response frequen-
cies of each rating bin to target items (the targf variable in the
Supplemental Material) is:

77 18 13

843548 745 371557115
57 25139937813 11811524356 01

The corresponding matrix for lure items (the luref variable
in the Supplemental Material) is:

4 11 8 1515 6 7 6 11 14 28 33 17
4

3284431
5968457 11 12 20 13 10 7 8 5 15 17 28 6

There are some important issues to consider when format-
ting data for the ROC Toolbox. First, great care must be taken
to format the data correctly as the ROC Toolbox makes as-
sumptions about how the data are organized, but will still
provide output, albeit incorrect output, if these assumptions
are violated. In addition to the assumption that the data are
formatted such that the columns are ordered in the fashion

described above, the ROC Toolbox also assumes that the re-
sponse frequencies for the target and lure trials from the same
condition are in the same row in the target and lure matrices. In
the example above, the response frequencies for the low fre-
quency targets and lures are in the first row of the respective
target and lure matrices, whereas the high frequency targets
and lures are in the second row. Second, the matrices for target
and lure items must be the same size else the functions will
return an error. Thus, rating bins that are not used for one trial
type (e.g., targets) cannot be omitted from the response fre-
quency matrix for targets. Additionally, the target and lure
matrices must be the same size even in experimental designs
with multiple conditions for target trials relative to a single
condition for lure items (e.g., deep vs. shallow processing at
encoding).’ To help ensure the data are correctly formatted,
the ROC Toolbox includes a function to import data from
CSVor text files (roc_import data).

Step 2: Defining the model

The ROC Toolbox requires four pieces of information to
define a model to fit to the data: the number of rating bins,
the number of different conditions, the type of model to fit
to the data (i.e., UVSD, DPSD, MSD), and the model-
specific parameters that are allowed to freely vary. This
information is passed to the a function called gen pars,
which is the primary function used to define the model to
fit to the data. The input for number of rating bins and
conditions is simply the number of columns and rows of
the matrix for target (or lure) items (e.g., the targf or
luref variables in the example script; see Supplemental
Material). The number of rating bins define the number of
criteria parameters to estimate. In experiments collecting
confidence ratings, this should always be one less than the
total number of confidence bins for each within-participant

3 The ROC Toolbox is able to handle these designs with additional op-
tions to the roc_solver function. Using the ROC Toolbox with this
type of experimental design is detailed in the manual.
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@ Subject, Group, and Model Information

subject id S1
group id
model
model ID
user notes
eatflag 1
fit status

HR
FAR
HR m _FAR
Dprime
epnme
da
dr

Cpsa
Gpsd

success

Goodness of Fit Measures

©

u
-2.1040e+03
37.4300
03145
33.1910
0.5071
4.2920e+03
42967e+03
448870403
0.0081
02504
0.9757
09538

df
log_likelihood
g.obs
g pval
chi_squared obs
chi_squared_pval
aic

Ro
Rn 0.000 (NaN)

0.789 (0.135)
1.000 (NaN)

-2.261 (1.280)
-1.730 (1.234)
-1.390 (0.077)
-1.236 (0.045)
-1.142 (0.032)
-1.076 (0.027)
-1,013 (0.026)
-0.931 (0.029)
-0.750 (0.041)
-0.616 (0.024)
-0.455 (0.026)
-0.293 (0.035)
-0.221 (0.024)
-0.108 (0.030)
-0.050 (0.022)
0.084 (0.024)
0.251 (0.037)
0.598 (0.055)
1.275 (0.092)

vF

<19
<18
a7
<16
<15
14
<13
<12
1
<10

cor_dic
bic
sse
sst
r_squared
adjusted r_squared

Fig. 2 Example of the summary information output by the roc
solver function from fitting the DPSD model to the example data set
described in the text (see also Supplemental Material). The output in-
cludes information about the participant, model, and exit status of the
optimization routine (a), measures of accuracy/discrimination and re-
sponse bias (b), goodness-of-fit and model selection measures (c), the

condition. In this example there are a total of 38 response
criteria parameters (19 for each condition). The model spe-
cific parameters that are allowed to vary are specified as a
cell array of strings corresponding to the labels for the pa-
rameters, which in this example are 'Ro ' and 'F' for the
R, and dy parameters of the DPSD model. Importantly,
parameters that are not specified as free parameters are
constrained to equal a pre-determined value. The pre-
determined values are documented in the manual, and can
also be changed by the user.

The gen_pars function outputs three matrices: (1) a ma-
trix for the starting values of the optimization routine (x0), (2) a
matrix for the lower bound each parameter can take (LB), and
(3) a matrix for the upper bound of each parameter (UB). The
latter two matrices are the ones that define which parameters are
free, and which parameters are constrained to equal a set
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Accuracy and Response Bias

low frequency high frequency

0.7350
0.2400
0.4950
13343
08312
12760
12789
0.7627
0.8066
0.0391
1.0528

Parameter Estimates

0.7750
0.3550
0.4200
11273
0.7983
1.1402
1.1247
07718
0.7876
-0.1918
0.8056

Hit Rate

05
False Alarm Rate

low frequency high frequency
0.338 (0.047) 0.140(0.073)
0.000 (NaN)
0.991 (0.142)
1.000 (NaN)
-1.951 (1.260)
-1.473(1.302)
-1.272(0.093)
-1.112 (0.062)
-0.999 (0.045)
-0.932 (0.037)
-0.820 (0.038)
-0.726 (0.040)
-0.541 (0.054)
-0.365 (0.050)
-0.150 (0.052)
0.042 (0.053)
0.170 (0.038)
0.251 (0.040)
0.364 (0.039)
0.445 (0.046)
0.673 (0.059)
1.018 (0.087)
1.848 (0.189)

O  low frequency

high frequency

2R0OCs

best-fitting parameter estimates and the standard error of the parameter
estimates (d), and the observed and model-predicted ROCs and zZROCs
(e). The standard errors were estimated from 1,000 iterations of the non-
parametric bootstrap procedure described in the main text. The NaN
values are given for parameters that were not estimated in the model

value.* Specifically, parameters are constrained (not estimated)
when the lower and upper bounds of parameter have the
same value. Note that if not estimated, the parameter takes the
value of that is in the matrix defining the upper (and lower)
bounds of the parameters. For example, to constrain the R,
parameter to equal 0, the lower and upper bounds should both
equal 0.

Step 3: Fitting the model to the data

The roc_solver function fits the model defined by the %0,
LB, and UB matrices to the data defined in targf and luref
using either maximum likelihood estimation (Myung, 2003) or

4 Additional parameter constraints, such as equality constraints, can also
be defined. This is described in detail in the manual.
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by minimizing the sum-of-squared errors. The latter approach
minimizes the squared differences between the observed and
predicted (non-cumulative) proportion of trials in each rating
bin. Optimization is carried out using the interior point algo-
rithm (Byrd, Gilbert, & Nocedal, 2000; Byrd, Hribar, &
Nocedal, 1999; Byrd, Schnabel, & Shultz, 1988) implemented
in the fmincon function of Matlab’s Optimization Toolbox
(http://www.mathworks.com/help/optim/ug/fmincon.html).
The roc_solver function stores data in a structure variable
that contains the best fitting parameter values, transformations
of the observed frequencies (e.g., cumulative proportions),
goodness-of-fit measures, and standard signal detection mea-
sures of accuracy and response bias, and also generates a sum-
mary plot. The summary plot from the analysis of the example
data, which can be reproduced with the example code in the
Supplemental Material, is shown in Fig. 2. As can be seen in
Fig. 2a-c, the roc_solver function outputs numerous accu-
racy, response bias, and goodness-of-fit measures (see below).
Figure 2d lists the best fitting parameter estimates as well as the
standard error of each parameter estimate (see below).
Figure 2e plots the observed and model predicted ROC and z-
transformed ROC (zZROC), respectively.

The standard errors are estimated with a non-parametric
bootstrap procedure whereby individual target and lure trials
are randomly sampled with replacement from the observed
data to create a new sample of target and lure trials. The model
fit to the observed data is also fit to each of the randomly
sampled sets of target and lure trials. The standard error values
in Fig. 2 were estimated from 1,000 iterations of the non-
parameteric bootstrap sampling procedure.” The number of
iterations used to estimate the standard error of the parameter
estimates can be controlled by the end-user.

An important feature of the ROC Toolbox is that numerous
different models that are fit to the same data can be stored in a
single data structure (output by the roc_solver function).
Morever, there are many additional options for the
roc_solver function, some of which are used in the exam-
ple code in the Supplemental Material, that are detailed in the
documentation of the ROC Toolbox.

Accuracy, response, goodness-of-fit and model selection
measures

The ROC Toolbox outputs numerous measures that index
accuracy/discrimination and response bias provided by
Macmillan and Creelman (2005), as well as numerous
goodness-of-fit measures to evaluate model fit and perform

> The amount of time necessary to run the non-parameteric bootstrap
procedure can take quite long for a single model, and will depend in part
on the complexity of the model and the number of iterations. For this
reason, the non-parametric routine to estimate standard errors is not run
by default, but can simply be called using the boot I ter property-value
input of the roc_solver function.

model selection. The measures of accuracy and discrimination
include the hit and false alarm rates, the hit minus false alarm
measure, d’, A, d,, A,, and area under the curve (AUC).
Additionally, we include the d. measure described in Mickes
et al. (2007), which is similar to the d, measure. The response
bias measures include ¢ and (. The fit and model selection
measures included are the log-likelihood value, regular and
adjusted R?, x>, G (Sokal & Rohlf, 1994), the Akaike
Information Criterion (AIC; Akaike, 1974), AICc (Burnham
& Anderson, 2004), and Bayesian Information Criterion
(Schwarz, 1978).

Concluding remarks and future directions

The ROC Toolbox provides a large set of tools that analyze
ROC data. Importantly, the ROC Toolbox can flexibly define
statistical models to fit to ROC data derived from many dif-
ferent types of experimental designs. Individual models and
goodness-of-fit measures are defined as separate functions
within the ROC Toolbox, and these are utilized by generic
model-fitting wrappers (e.g., gen pars, roc_solver). Thus,
the ROC toolbox can easily be expanded with new models
and goodness-of-fit measures. Additional future directions for
the ROC Toolbox include adding functionality to fit ROCs
derived from non-ratings based methods, such as manipula-
tion of response bias with reward (e.g., Fortin, Wright, &
Eichenbaum, 2004; Koen & Yonelinas, 2011), and incorpo-
rating Bayesian estimation of the models with the ability to
flexibly define different priors for each parameter. Our hope is
that researchers both with and without experience in ROC
analysis will find this toolbox useful in the their own research
endeavors.
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