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Psychophysics seeks to quantitatively characterize relationships between objective properties of the world
and subjective properties of perception. However, traditional approaches fall short of identifying quan-
titative relationships among psychological processes. This latter goal is particularly important when certain
processes may depend on each other, such as for subjective experience and task performance: Typically,
better performance is accompanied by stronger subjective experiences of clarity, vividness, or confidence.
But is the relationship between performance and subjective experience fixed, or can it vary, for example, by
task or attentional demands? Such questions are key for better understanding psychological processes in
general and subjective experience in particular. Here, we develop and showcase a new psychophysical
method designed to answer such questions: relative psychometric function (RPF) analysis, which char-
acterizes the nonlinear psychometric relationships between psychological processes and how these re-
lationships change under different circumstances (e.g., experimental manipulations). We demonstrate the
advantages of RPF analysis using a data set in which human subjects discriminated random dot kine-
matograms which varied in motion coherence and overall dot density (dots per visual degree) and rated
confidence. RPF analysis revealed systematic changes in the relationship between performance and two
subjective measures (confidence and metacognitive sensitivity) due to dot density and task design choices.
These empirical results showcase how RPF analysis may reveal changes in quantitative relationships
between any two psychological measures in future studies: performance, vividness, clarity, reaction time,
confidence, and more. To enable the scientific community to use RPF analysis on their data, we also present

our open-source RPF toolbox.

Keywords: psychophysics, psychometric functions, relative psychometric function, subjective experience,

quantitative psychology
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2 MANISCALCO ET AL.

Arguably, the field of quantitative psychology began in the
1860s with Fechner’s Elemente der Psychophysik—Elements of
Psychophysics (Fechner, 1860; Fechner et al., 1966). Fechner’s
work set the foundation for what is now over 150 years of
concerted effort to map objective properties of the world to
properties of the mind and brain. Weber, Stevens, and others
followed, seeking to establish the functional forms of these re-
lationships: That an observer’s “just noticeable difference” in dis-
criminating two stimuli depends on their absolute magnitude
(Weber’s law), and that the perceived magnitude of a stimulus
(brightness, loudness, painfulness) exhibits an exponential rela-
tionship to the objective stimulus magnitude (Stevens’ power law).
These “introductory psychology course” concepts are foundational
pillars in the modern study of psychology.

The success of this framework underscores our deep motivation
to build models of our minds, but standard psychophysical ap-
proaches represent one-to-one mappings between the physical and
mental. Ultimately, we wish to understand not only how psycho-
logical processes relate to properties of the world but also how
psychological processes relate to each other. For example, increasing
stimulus strength typically leads to faster, more accurate decisions,
and increased sense of confidence in those decisions. Likewise, the
subjective sense of clarity may also systematically vary with stimulus
properties. But what is the relationship among all these psychological
variables, and is it fixed across different attentional states, tasks, or
individuals? While the relationship linking stimulus magnitude,
discriminability, and absolute magnitude estimation has recently been
described (Zhou et al., 2024), what about the relationships linking all
these other psychological properties to each other?

Characterizing quantitative relationships between psychological
variables is also especially important when those relationships
themselves may change depending on properties of the world or
other psychological processes. Perhaps nowhere is this more evident
than in psychophysical studies of subjective experience, where
there are clear, empirically observed relationships among stimulus
intensity, task performance, and second-order judgments such as
confidence (judgment of whether a given discrimination decision is
likely to be correct) or subjective visibility, clarity, or vividness
(e.g., judgment of the clarity with which one saw a stimulus,
regardless of its objective properties). In most instances, these
subjective aspects covary with objective performance (Baranski &
Petrusic, 1994): A higher probability of correctly identifying a
stimulus is typically accompanied by higher confidence, higher
clarity ratings, and a higher probability of reporting having seen
the stimulus at all. This means that any neural or psychophysical
measures of subjective experience are easily confounded by pro-
cesses driving objective performance (Morales et al., 2022).

A standard approach to disentangling the neural correlates of
subjective experience from those underlying objective performance
has been to control for these “performance confounds” through
either experimental or analytic approaches (Lau, 2008; Lau &
Passingham, 2006; Morales et al., 2022; Peters, Kentridge, et al.,
2017). One way of implementing this idea is to create multiple
experimental conditions in which performance (e.g., percent correct
responses or the signal detection theoretic metric d’) is held constant
(e.g., through subject-specific staircasing) but subjective reports
(confidence, vividness, visibility, clarity) vary. However, this per-
formance matching approach has some drawbacks. First, statistical
demonstrations that performance is constant across conditions might
reflect failures to detect subtle but extant differences in performance,
for example, failure to reject a false null hypothesis. This situation
might arise simply from situations in which a chosen manipulation
had a smaller or noisier effect on performance than it did on
subjective reports rather than no effect at all. Second, the effect of an
experimental manipulation on a subjective measure at a given
matched performance level may strongly depend on the absolute
level of performance (see also Morales et al., 2022, for further
discussion). Such condition-driven differences in confidence at
matched performance have been observed in many different
paradigms (Koizumi et al., 2015; Lau & Passingham, 2006;
Maniscalco et al., 2016; Odegaard, Chang, et al., 2018; Odegaard,
Grimaldi, et al., 2018; Rahnev et al., 2011; Rouault et al., 2018;
Samaha et al., 2016; Stolyarova et al., 2019), but the effect size
(and sometimes even direction!) can vary across stimulus or task
manipulations as well as the (matched) performance level itself.

Notably, both shortcomings of the performance matching approach
could be addressed by estimating the full psychometric relationship
between task performance and subjective visibility, from chance to
ceiling levels of performance. Comparison of such fitted curves
across experimental conditions would allow assessment of dif-
ferences in visibility at matched levels of performance without
relying on statistical null effects, while simultaneously revealing
how such differences change with performance level.

To date, however, no framework exists for precisely character-
izing such nonlinear relationships among psychological variables
and how they may change in interesting ways. An impediment to
this enterprise has been that these relationships are, by definition,
nonlinear linkages between variables measured with error. Fitting
any function linking two such variables constitutes a nonlinear
“errors-in-variables” problem, where both variables are measured
with error and thus standard methods for maximum likelihood
estimation or ordinary least squares optimization are not applicable.
Whereas methods exist for fitting linear errors-in-variables models
(e.g., Deming regression), no method exists for fitting nonlinear
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THE RELATIVE PSYCHOMETRIC FUNCTION 3

models without using additional information, for example, instru-
mental variables or repeated observations (see, e.g., Hausman et al.,
1995; Z. Huang et al., 2023; T. Li, 2002; Wolter & Fuller, 1982).
Moreover, even if this problem were solved, the functional form
linking two or more psychological variables is unlikely to be known
a priori, requiring us to fall back on nonparametric methods (e.g.,
rank-based correlations) designed merely to reveal the presence and
strength of a potential relationship, not its shape.

In short, we need a framework to (a) quantitatively characterize
the nonlinear relationships among psychological variables measured
with error; and (b) quantitatively characterize how much—and in
what way—those relationships change with experimental manip-
ulations, neural factors, or individual differences.

Here, we introduce an analytic framework to address these
problems. The approach, which we term relative psychometric
function (RPF) analysis, aims to systematically characterize the
relationship between any two psychometric variables and assess
how that relationship changes with experimental manipulations,
individual differences, and so on. The framework is sufficiently
general to be applied to investigation of the relationship between any
psychological or neural processes P and P, which can be expressed
as psychometric functions of a common continuous variable such as
stimulus intensity. Investigation of RPFs can significantly expand
and deepen our understanding of how various psychological and
neural processes interrelate at both phenomenological and mech-
anistic levels of analysis.

One particularly salient application of the RPF framework is to
the study of perceptual metacognition. By investigating subjective
measures of perception (e.g., confidence or visibility ratings) as a
function of task performance over a wide range of performance
levels, we can broaden and deepen our understanding of both in a
number of ways. Of particular note is that RPF analysis can be used
to control for performance confounds and better isolate changes
pertaining specifically to subjective measures, thereby sharpening
inferences about the computational and neural mechanisms underlying
metacognition and subjective experience. Importantly, as fore-
shadowed above, RPF analysis controls for performance confounds in
a more comprehensive and robust way than existing performance
matching approaches. The RPF method as applied to perceptual
metacognition also answers recent calls for a “metacognitive” or
“introspective” psychophysics (Fleming, 2023; Peters, 2025) and
builds upon the “metacognition as a step toward explaining phe-
nomenology” approach introduced by Peters (2022), which calls for
research to seek canonical metacognitive computations as a strategy for
revealing how subjective experience in general may be generated.

In what follows, we introduce the general principles of relative
psychometric function analysis, investigate the mathematical form
and behavior of an example RPF, develop and validate interpretable
summary statistics, consider model comparison approaches, and
discuss its interpretation using a sample data set in which perfor-
mance and confidence were independently manipulated across a
large range of stimulus strengths.

We believe this framework will prove a highly flexible and
powerful analysis tool in psychology and neuroscience for studying
relationships between various psychological and neural processes.
To facilitate this goal, all the methods, data, and analyses presented
here are also used to introduce the RPF toolbox (https://github.com/
CNClaboratory/RPF, Maniscalco & Peters, 2026)—an open-source
resource for the community to apply RPF analyses to any suitable

data set. Thus, we make reference to this toolbox throughout and
include additional details about implementation on the case study
data set presented here in the Supplemental Material.

Methods, Results, and Discussion
Deriving and Interpreting the RPF
Foundations of RPF Analysis

The General Form of the RPF. We define the relative psy-
chometric function, or RPF for short, as the function describing
the relationship between any two conventional psychometric
functions that are expressed in terms of a common independent
variable. More formally, suppose we have two psychometric
functions

Py =F(x; 0y),
Py =Fy(x; 0,), ey
where x is stimulus strength and P, and P, are different measures
of performance, such as p(correct) or average confidence.'” To
investigate the relationship between these variables, we wish to
express P, as a function of P;. Provided that F is invertible such that
x=F,"4(P)), we may do so by writing P, = Fo(F,~N(P))). We may
then define the relative psychometric function as

R=F,0F;', @)

such that

Py = Fy(Fi'(Py)) = R(P1; 0,,0,), 3)
and write P, = R(P;) for short. Thus, R uses the known psycho-
metric functions F| and F, of a common independent variable x in
order to express P, as a function of P, (Figure 1).

Since R relates F, to F; by means of their common independent
variable x, it can be seen as a parametric curve whose parameter x
is mapped onto the (P, P,) plane via parametric equations
(Equation 1).> The general form of the RPF given in Equation 3 is
the result of implicitizing these parametric equations—that is,
eliminating the parameter x to yield a single implicit equation in
terms of P; and P,—when F is invertible. Although it is possible
to implicitize these equations even if F is not invertible, the
resulting equation will not express P, as a function of Py, that s, it
will not be possible to construct a relative psychometric function where
each P; value maps onto a unique P, value. Since interpretation of such
cases would pose conceptual complications, and since such cases are
unlikely to affect the vast majority of relevant applications in psy-
chology and neuroscience, in this work, we focus on cases where it is
possible to construct an RPF as in Equation 3. As a consequence, our
conceptual and formal approaches emphasize analysis of the im-
plicitized RPF (Equation 3) rather than a more general framing in terms
of parametric curve analysis, although there is an underlying flavor of
the latter insofar as many operations involved in fitting and analyzing

! Note that P is intended as shorthand for “performance” and does not
necessarily connote a probability.

2 Here, we use F rather than the conventional y to denote psychometric
functions for consistency with the RPF toolbox notation, in which it is more
convenient to use F.

3 We thank reviewer Jiirgen Heller for pointing out this connection.
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MANISCALCO ET AL.

Figure 1
The Relative Psychometric Function

P, =F,(x) P, = F,(x) P, = R(P)
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Note. (Left, middle) Conventional psychometric functions characterize the curve relating
performance on a given task to stimulus strength. (Right) The relative psychometric function
characterizes the curve relating performance on one task (P,) to performance on another (P;),
given knowledge of how both relate to a common stimulus feature x. This function thus
reveals how different measures of psychological processes relate to each other over a wide
range of performance levels. In situations where RPFs differ across experimental conditions,
analysis of the RPF can be used to help tease apart the behavior and underlying mechanisms of
Py and P,. In the special case where P and P, correspond to objective and subjective aspects
of perception (see main text), the RPF is a metaperceptual function which can be used to
isolate subjective aspects of perception from potentially confounding aspects of objective task
performance. RPF = relative psychometric function. See the online article for the color

version of this figure.

the RPF can proceed via separate analysis of F'; and F, rather than
requiring an analytic expression for R. It is possible that future work
that explores the connection of RPF analysis to parametric curve
analysis more deeply may be fruitful. For further discussion, see
Supplemental Material S1.

R can be seen as the result of a coordinate transformation of F in
which the x input is replaced with a Py input derived from the
mapping x = F,~Y(P)). Thus, the plot of P, = R(P,) resembles a
warped plot of P, = F,(x) in which the y-axis values are identical but
their distribution along the x-axis is warped according to the (likely
nonlinear) transformation specified by P, = F;(x) (cf. the three
panels of Figure 1 and Supplemental Figures S1 and S2). Over x
intervals where F(x) is shallow, x values map onto a small range of
Py values. This effectively makes the corresponding x intervals
of the F,(x) plot contract in their transformation to small P; intervals
of the R(P,) plot. Conversely, over x intervals where F(x) is steep,
similar considerations make the corresponding x intervals of the
F>(x) plot expand in their transformation to large P, intervals of
the R(P,) plot.

Importantly, deriving P, = R(P;) via the relationship of P, and P,
to a common independent variable x, where x is known exactly
rather than measured with error, bypasses difficulties that would
arise from attempting to fit a function directly to the (P;, P,) data.
Since both P; and P, are variables measured with error and likely
have a nonlinear relationship, attempting to fit P, = R(P;) directly
requires a nonlinear errors-in-variables model. However, there is no
known solution for fitting such models directly, and existing ap-
proaches require incorporation of additional data and application of
complex analysis methods tailored to specific cases (see, e.g.
Hausman et al., 1995; Z. Huang et al., 2023; T. Li, 2002; Wolter &
Fuller, 1982).

In the case of analyzing the relationships between psychometric
functions in experimental psychology research, the (P;, P,) data we

might wish to relate are themselves already derived from systematic
manipulation of the common independent variable x, and thus, the
information needed to estimate the relationships of P; and P, to x
comes “for free” in the collection of the (P;, P,) data. Thus, the
approach described in this work is a natural choice for conducting
RPF analysis that easily bypasses thorny analysis issues with readily
available data.

The Metaperceptual RPF. As discussed in the introduction,
one particular application of interest is the case where Py and P,
correspond to objective and subjective measures of perception,
respectively. Here, we conceive of objective measures of per-
ception as pertaining to judgments about objective states of the
world (e.g., detecting stimulus presence or discriminating stim-
ulus features) and subjective measures as pertaining to judgments
about one’s own perceptual processing (e.g., assessing confidence
in an objective judgment or reporting on the qualities of one’s
perceptual experience). This characterization of “objective” and
“subjective” categories can be seen as a generalization of the
classical distinction between Type 1 and Type 2 perceptual tasks,
in which the Type 1 task is to classify a stimulus event, and the
Type 2 task is to classify one’s Type 1 judgment as correct or
incorrect (Clarke et al., 1959; Galvin et al., 2003; Maniscalco et
al., 2024).

Taking inspiration from the term “psychophysics,” we call this
special class of RPFs metaperceptual RPFs or metaperceptual
functions. Just as the roots of the word “psychophysical” connote
“relationship of perception (psycho-) to stimulus (physical),” so
the roots of the word “metaperceptual” connote “relationship of
judgments about perception (meta-) to perception (perceptual).” We
may also use the term Type 2 psychometric function to refer to more
restricted cases, where the RPF relates Type 2 judgments about Type
1 accuracy (typically confidence ratings) to Type 1 accuracy itself
(e.g., as in p(correct) or d’).
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Objective measures of perception include accuracy measures
such as p(correct) and the signal detection theory (SDT) measure of
sensitivity d' and response bias measures such as p(response) and
the SDT measure of criterion c.* Subjective measures include ratings
of confidence and reports of experiential qualities such as visibility,
clarity, intensity, and so on. Subjective measures may also char-
acterize the relationship between subjective and objective judg-
ments, for example, by measuring how well confidence ratings track
accuracy as in the SDT measure of metacognitive sensitivity meta-d’
(Fleming, 2017; Maniscalco & Lau, 2012, 2014).

Considerations for Fitting the Component Psychometric
Functions of the RPF. Psychometric functions can be fitted to
probability measures such as p(correct) and p(high confidence) with
standard maximum likelihood estimation (MLE) procedures (Kingdom
& Prins, 2016). However, MLE fitting of psychometric functions to
nonprobabilistic measures requires a different approach. Least square
fits maximize likelihood when errors in the fit can be assumed to be
normally distributed with constant variance (Burnham & Anderson,
2002), but this assumption may not always hold (e.g., as for d’; see
Miller, 1996).

In Supplemental Material S2.1, we derive approaches to
achieving MLE psychometric function fits to several variables
of central interest for metaperceptual functions: d’, meta-d’,
and mean rating (e.g., for confidence or visibility ratings).
These approaches work by relating the variable in question to
probabilities for single-trial outcomes and thus only require the
standard MLE assumption that outcome probabilities are constant
and independent across trials. For cases where specifying or
fitting analytic psychometric functions is problematic, we also
develop nonparametric RPF analysis methods (see below and
Supplemental Material S2.2 for further discussion) and demon-
strate that MLE and nonparametric approaches are comparable in
their ability to retrieve certain characteristics of the true RPF (see
Supplemental Material S2.3).

It is possible to take a radically modular approach to con-
structing the RPF from its component psychometric functions, in
the sense that because the F; and F, fits can be treated inde-
pendently, they can be applied to any variable and approached
with any fitting method prior to being combined in an RPF. Thus,
for example, if F is fitted via MLE, this does not constrain the
possibilities for fitting F, via MLE or least squares or non-
parametric methods. In all cases, the approach described in
Equation 3 is sufficiently general to conduct RPF analysis, with
the proviso that F; must be invertible.

In keeping with the modularity and generality of this approach, in
the present work, we are not primarily concerned with considering
how to choose specific psychometric functions for different use
cases, nor with investigating possible theoretical links or mathe-
matical relationships between the functions chosen for F; and F, (as
might occur, e.g., in the context of characterizing the relationship
between curves for d’ and p(high confidence) according to a SDT
model). Where possible, we treat F; and F in a general way without
specifying an exact functional form. Where specification of a
function is helpful or required, we use the Weibull function as
a representative psychometric function for fitting probabilistic
data (see following section) and a scaled Weibull function (see
Supplemental Material S2.1) as a representative function for fitting
nonprobabilistic data. The simplicity of this approach allows us to
focus on the more general considerations and principles of

constructing, fitting, analyzing, and interpreting RPFs. Naturally,
applications of the RPF method to specific research questions may
want to use alternative psychometric functions for conventional,
practical, or theoretical reasons and may want to consider exploring
theoretical links or formal constraints between the functions chosen
for F; and F,. The principles of RPF analysis discussed here apply
regardless of such choices.

All of these approaches to RPF analysis—that is, modular
construction of the RPF via some combination of MLE fitting for
probabilistic variables and certain nonprobabilistic variables, least
square fitting, and nonparametric analysis—can be readily im-
plemented in the RPF toolbox (Supplemental Material S4; https://gi
thub.com/CNClaboratory/RPF, Maniscalco & Peters, 2026).

Probing RPF Behavior: A Case Study Using the
Weibull RPF

How should we measure, summarize, and analyze the RPF? Can
we summarize its behavior neatly with a small number of parameter
values, similar to how conventional psychometric functions are
typically analyzed in terms of location and slope parameters? Since
the RPF depends on the mathematical forms of the two psycho-
metric functions F; and F, from which it is composed, the answer to
these questions requires specifying the equations for those func-
tions. Here, as a representative example, we consider the behavior of
the RPF when P; and P, are probabilities, for example, p(correct)
and p(high confidence), fitted by Weibull functions F; and F,
(Kingdom & Prins, 2016).

The Weibull function for F; and F, takes on the form

Pn = Fn(x) =Yt (1 - 7Ln _Yn) [1 - e_(x/(x")ﬁn}’ (4)

in this equation,

* 1 denotes the psychometric function to which all terms
pertain, with n = 1 and 2 corresponding to F; and F»,
respectively

e P, is performance (here, outcome probability)
e x is stimulus strength
e v, is the chance level of responding for P,

e ), is the lapse rate, such that asymptotic performance for P,
is1—2,

* q, is the location parameter for F,,(x)
* f, is the slope parameter for F,(x)

Solving Equation 4 for x in the context of F gives
_ L— =7\
XZFII(PI)Z(XI(IH(W 1. (5)

4 Sometimes measures like p(response) and ¢ are considered to be
subjective measures of response bias. Here, we consider them to be
objective measures of perception insofar as these measures pertain to
judgments about the world rather than judgments about one’s own
perceptual processing.
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Substituting Equation 5 into the general equation for R in
Equation 3 gives

P, = Ry(Py)
B2

—pt (=ha—m) {1 R(ON ('())w ®

We name Equation 6 the Weibull RPF (abbreviated Ryy), as this is
the mathematical form of the RPF in the case where both F; and F),
are Weibulls. We can decompose the Weibull RPF into the fol-
lowing components:

» The F, guess rate y, and lapse rate A,, which determine the
minimum, chance level of performance and maximum,
asymptotic level of performance for the Ry just as they do
for F,.

* The performance ratio ll:fl‘__gll, which characterizes perfor-
mance P relative to its possible range of values in [y, 1 — Aq].
When P; is at the chance value of vy, the performance ratio =
1, and Ryy is at the chance level of performance for P», that is,
¥2. As Py approaches the asymptotic value of 1 — A, the
performance ratio approaches infinity, and Ry approaches the

asymptotic level of performance for P, that is, 1 — A,.

» The relative location og = g—?

* The relative slope Pg = %
* The F; slope (.

We explore how Ry depends on o, Br, and 3, in Figure 2. Without
loss of generality, we set the scaling parameters, y; = 0.5, y, =0, and
7\,1 = }\.2 =0.

Overall, the behavior of the Weibull RPF is considerably more
complicated than the standard Weibull. First, we can observe that R
w does not have a direct analogue to the Weibull’s slope parameter f3
but rather has a variable shape and degree of curvature depending on
the relative slope Pr and relative location ag. When g > 1, Ry is
sigmoidal; when Pr < 1, Ry is inverse sigmoidal; and when fg =1,
Ry is concave down, linear, or concave up depending on og. The
complexities of how Ry’s shape changes depending on combina-
tions of parameter values obscures a straightforward and universally
applicable interpretation of the function in terms of a slope
parameter, and so it is not clear that characterizing Ry in terms of a
slope parameter is the best way to insightfully summarize its
behavior.

Similarly, Ry does not have a simple analogue to the Weibull’s
location parameter «. In the Weibull (Equation 4), a acts as a
location parameter in the sense that the function takes on 63.2% of
its maximal value above chance (i.e., 63.2% of the way between y
and 1 — A) when x = «, since substituting this value of x into the
formula entails 1 —e~®" =1—¢~! =0.632. Thus, o tells us
what value of x (“location”) yields this threshold function value of
63.2% of the above-chance maximum. From Equation 6, we see

that Ry achieves 63.2% of its above-chance maximum when
g—; (ln(llzxxll__gl‘))ﬁ = 1. Solving for P; in this equation yields Rw’s
equivalent of the Weibull’s location parameter o, which can be

expressed as

a

P1=Y1+(1—7\1—Y1){1—€_(q)]}=F1(0‘2)- @)

Thus, Ry takes on its threshold value at the value of P; given
by Fi(x) evaluated at the location parameter of F, thatis, at P =
F(ay). This result is intuitive in that the RPF derives from a
transformation of the input variable of F, from x to P, while
leaving F,’s output P, unchanged (Equation 3). Thus, since a;,
is the value of x at which F, achieves its threshold value of P,, Ry
must achieve its threshold value of P, at whatever value of P; that
o, maps onto in the RPF transformation, which is just Fj(a,).

Although the value of F';(a,) provides a measure of what P value
yields Rw’s threshold value, its interpretation is more complex than
that of a for the Weibull function. Intuitively, lower and higher
values of o in the Weibull function roughly correspond to the
curve “shifting” or “tilting” left or right on the x-axis.” By
contrast, the value at which Ry achieves its threshold value is
strongly influenced by its curvature, which in turn depends on
multiple parameters from F; and F,. For instance, in the lower left
plot of Figure 2, the concave down and concave up curves achieve
their threshold values at very low and high values of Py,
respectively, due primarily to their differences in curvature. This
difference in threshold location cannot be attributed to a shift, tilt,
or translation in an otherwise similar curve, as is the case for the
Weibull, and thus F;(a,) cannot serve the same conceptual role as
the Weibull’s location parameter a.

Thus, it appears that while there are indeed aspects of the
Weibull RPF’s behavior that can be summarized with a small
number of parameters—fr and ar control shape, and F;(ay,)
determines threshold—it is not clear that these parameters pro-
vide the same ease of interpretation and leverage for under-
standing the behavior of the RPF in terms of psychophysical
performance as their counterparts a and  do for conventional
psychometric functions. Furthermore, the exact mathematical
formulation for such parameters depends on the psychometric
functions used for F; and F,, entailing that different choices
for these functions may lead to different formulations for RPF
summary parameters. These difficulties motivate the alternative
approaches for comparing RPFs across conditions that we
develop and discuss below.

Comparing RPFs Across Conditions

If using parameter values to summarize aspects of RPF behavior
is not as straightforward and perhaps not as fruitful as it is for
conventional psychometric functions, what alternatives are there for
using RPFs to enrich our understanding of psychological processes?

One major goal of RPF analysis would be to investigate how the
relationship between two target psychological processes changes
across different conditions. For example, analysis of the meta-
perceptual RPF would be well-suited to address questions on how
the relationship between objective and subjective aspects of per-
ceptions are influenced by various factors, such as “Is the rela-
tionship between subjective judgments and task accuracy the same
in central versus peripheral visual field locations?” (Odegaard,

> The slope of the Weibull function is actually controlled by both a and P,
although when plotted against log x, a controls function translation and f
controls slope (Kingdom & Prins, 2016).
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Figure 2

Behavior of the Weibull Relative Psychometric Function (Ry) as a Function of Its Three

Main Parameters

Py = Ry(Pyiag, Br. 5,)

Br =05 Br=1 B =2
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Note. Each plot shows how performance on one task (P,) depends on performance on another

task (P;) according to the Weibull RPF specified by parameters for relative location og = 2
(separate lines within each plot), relative slope g :% (columns), and F, slope B, (rows), as

o]
1

derived from the parameters of the component Weibull functions F; and F,. RPF = relative
psychometric function. See the online article for the color version of this figure.

Chang, et al., 2018; Winter & Peters, 2022) or “Does transcranial
magnetic stimulation to a certain region of interest alter the rela-
tionship between confidence and task accuracy?” (Peters, Fesi, et al.,
2017; Rahnev et al., 2012; Rounis et al., 2010; Ruby et al., 2018).

The behavior of the RPF across conditions sheds light on the
relationship between P, and P,. Any across-condition changes in the
RPF would indicate a differential effect of condition on P, and P,,
such that the changes in P, due to condition could not be solely
attributed to changes in P; or vice versa (or else the RPF would be
identical), and would demonstrate that P, and P, are produced by at
least partially separable (i.e., not identical) processes—for example, the
processes producing task accuracy and confidence. Alternatively, if P,
and P, differ across conditions, but do so in such a way that preserves
the RPF describing their relationship, this would be consistent with the
possibility that the changes in P, are indeed attributable entirely to
changes in P; (or vice versa), or that both are products of a single
underlying process characterized by a constant RPF.

Below, we consider two approaches to comparing RPFs across
conditions: an area under the curve (AUC)-based approach and a
model comparison approach.

AUC Approach: Area Under the RPF Curve. As discussed
in the Introduction, the motivating example behind this work is
performance matching in the consciousness/metacognition litera-
ture, in which we seek to find conditions where objective task
performance (P;) is the same but subjective reports of awareness or
confidence (P,) differ (Morales et al., 2022). Notice that the per-
formance matching approach essentially attempts to compare a
vertical slice of two RPFs at a particular P; value. Thus, a natural
generalization of the performance matching approach is to compare
two RPFs across a fixed interval of P, values rather than at a single
fixed value. Within a given RPF, summing the values of P, across
the entire interval of P values amounts to computing the AUC of the
RPF, and dividing this AUC by the length of the P, interval yields
the average value of P, over that interval. These AUCs and average
P, values can then be compared across conditions to assess whether
condition affects P, over and above any effects it may have on P;.
(Note: AUCs and average P, values are suitable to evaluate whether
there is any RPF difference between conditions but are not suitable if
the user’s goal is to characterize the exact shape of the RPF function;
see the Benefits and Limitations of the AUC Method section.)
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8 MANISCALCO ET AL.

More formally, the RPF AUC is given by

AUC = JbR(Pl )dP;. 8)

a

This integral can be computed without an analytic solution, and
indeed without specifying an equation for R, by using x = F7!'(P;) and
P, = F5(x) (Equation 1) to compute the RPF asP, = F,(F7'(P,))
(Equation 3) and performing numerical integration.

Normalizing the AUC by the length of the P; interval over which
it is computed yields the average P, value over that interval:

P _ 1
z_b—a,

AUC
b—-a

b
[ R(P,)dP, = ©)

P, has an intuitive connection to the performance matching
approach. Whereas performance matching seeks to measure the
difference between subjective reports at a fixed value of task per-
formance, comparing P, for the metaperceptual RPF across con-
ditions gives the average difference between subjective reports over
a range of task performance levels. More generally, P, measured
over a given P; interval is the most direct analogue in RPF analysis
to what a simpler, nonpsychometric design might measure as a point
estimate of P, corresponding to a given value of P;.

Equation 9 also implies a useful way of interpreting AUC: It is the
average P, value over a given P, interval multiplied by the width of
that interval, that is, AUC = (b — a)P,. These two measures thus
give complementary perspectives on the data, with P, being a more
direct measure of (average) P, over a given P, interval, and AUC
augmenting this measure with additional information about the P,
interval over which it was computed. Further consideration of the
roles of these measures in RPF analysis requires us to turn our
attention to how we should choose the P, intervals over which they
are computed.

Constraints on Defining Within-Subject P; Intervals. Let us
begin by considering the P; intervals to be used for analyzing RPFs
in different within-subject conditions (e.g., attended and unattended)
for a single subject. Since our aim is to assess the effect of condition
on the RPF as quantified by AUC and P,, and since these summarize
RPF behavior over a given P; interval, it is important that we hold
this interval constant to ensure that the same portion of the RPF is
being compared across all conditions. But for AUC analysis over
this fixed P, interval to be possible in every condition, it must be the
case that all RPFs being analyzed fully span that interval. In general,
this is not guaranteed to be the case unless the fixed P; interval is
chosen appropriately. For instance, in a grating tilt discrimination
task having conditions where the grating is attended or unattended
across several levels of grating contrast spanning the full possible
range of contrasts from O to 1, the fitted psychometric function for
p(correct) in the attended condition may range from chance per-
formance of 0.5 at zero contrast to a near-ceiling value (e.g., 0.98) at
maximal contrast, whereas the fitted function for the unattended
condition may range from chance performance at zero contrast to a
level of performance at maximal contrast that is considerably lower
than in the attended condition (e.g., 0.8). Thus, although the at-
tended condition RPF spans a P; interval of [0.5, 0.98], its AUC can
only be compared to that of the unattended condition for a fixed P,
interval over [0.5, 0.8].

More generally, the full ranges of P, values spanned by each RPF
being compared jointly determine lower and upper bounds on
possible intervals of P, values that are common to all RPFs. The
lower bound L on the common P; interval is given by

L = max, min, P, . ,, (10)
where P, denotes the value of P, at condition ¢ and stimulus
level x. In other words, the lower bound for a common P; interval
across conditions is the minimal within-condition value of P, that is
maximal across conditions (i.e., the smallest P, value shared by all
conditions). By similar reasoning, the upper bound U is given by

U = min. max, P . ,, (11)
that is, the maximal within-condition value of P; that is minimal
across conditions (i.e., the largest P; value shared by all conditions).
For AUCs to be computed with a fixed P, interval [a, b] that is
common to all conditions, it must be the case that

a>Lb<U, 12)
and the widest possible common P, interval is given by [L, U].

These considerations are illustrated in Figure 3. The psychometric
functions for P in conditions A and B have different values at the
minimum and maximum values of x (left panel), which entails that
their corresponding RPFs do not span the same range of P; values
(right panel). Thus, to compare AUC for a fixed P; interval, this
interval must be restricted to the set of P; values that is common to
both functions (shaded region). The lower and upper bounds of this
common interval are set by the largest across-condition minimum
P, value and the smallest across-condition maximum P; value,
respectively, as described in Equations 10 and 11.

In the example of Figure 3, RPF AUC is larger for condition A
than for condition B. This indicates that condition influences P, over
and above its influence on P;, and that this differential effect holds
over a wide range of P; values.

It may often be the case that the variable chosen for P; is an
accuracy measure that must take on a chance value in the absence of
relevant stimulus information, for example, d' = 0 or p(correct) =
0.5 in a two-choice task. In these cases, L takes on this chance value,
allowing for the lower bound of the RPF analysis to extend all the
way to Py’s theoretical minimum value. By contrast, even if P; has a
theoretical maximum (e.g., 1 for a probability), this value may not be
achieved even when stimulus strength is maximal (e.g., contrast = 1)
or arbitrarily high (for a stimulus feature with no maximum strength,
e.g., brightness), as illustrated in the hypothetical example above
where p(correct) is well below ceiling under inattention even at
maximal stimulus contrast. Thus, in the common case where P, is an
accuracy measure, U is the limiting factor for interval width.

Considerations for Defining P; Intervals Across Subjects. One
way to define P, intervals across subjects is to simply use a single fixed
interval. This approach would seem to lend a certain straightfor-
wardness and simplicity to conducting and interpreting AUC analy-
sis, and is a natural choice if one has a prior reason for being interested
in RPF behavior over a specific range of P; performance. However,
this approach also meets with significant difficulties. One is practical:
The width of the fixed P, interval applied across subjects is constrained
by the largest across-subject value for L and the smallest across-subject
value for U (Equations 10 and 11), potentially yielding a narrow P,
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Figure 3

Comparing RPFs With the AUC Approach

P, =F,(x)

performance P1
performance F’2

condition A
condition B

P, = F,(x)

P,=R(P,)

performance P2

stimulus strength x

Note.

stimulus strength x

performance P1

In this illustrative example, psychometric functions for Py and P, differ across condition

and so do their corresponding RPFs. The difference in the RPFs can be quantified by comparing
the AUC over the set of P; values that both RPFs share in common (shaded region). Here,
Condition A has the higher AUC, indicating higher levels of P, across the fixed P, interval. The
AUCs can be divided by the length of this common P, interval to yield the average P, values
over the interval. RPF = relative psychometric function; AUC = area under the curve. See the

online article for the color version of this figure.

interval that might fail to adequately capture RPF behavior for many
subjects.

The other primary difficulty is that it is not necessarily the case
that the same P; interval houses comparable portions of the RPF for
different subjects. For instance, a given interval might capture the
rising slopes of the sigmoidal RPFs in each condition for subject A,
whereas the analogous rising slopes for subject B might fall beyond
the upper bound of that same interval. In cases like this, a better
overall comparison of the RPFs for A and B would arguably be
yielded by using different P; intervals that capture as much RPF
behavior as possible for each subject, rather than using a fixed
interval for both. Although this entails nonuniformity of P; intervals
across subjects, in an important sense, it is the best way possible for
the AUC method to achieve a uniform assessment of whole-RPF
behavior for each subject.

Indeed, the power of RPF analysis lies in being able to assess the
behavior of entire RPFs across broad ranges of Py, ideally spanning
floor to ceiling values if possible. As a general principle, then, it is
desirable to use the widest P; intervals possible for AUC analysis
(assuming one does not have specific interest in analyzing a more
restricted interval). This can be accomplished by setting each
subject’s P interval to the [L, U] bounds computed from that
subject’s data (Equations 10 and 11). This yields the widest possible
interval for each subject and thus maximizes P; coverage and
corresponding RPF behavior for the analysis as a whole. However,
we must also consider issues around the resulting across-subject
heterogeneity in P; intervals.

Note that using different intervals across subjects is not nearly as
problematic as using different intervals for different within-subject
conditions (which the approach outlined above strictly prohibits).
Doing the latter would confound the effect of condition on RPF
behavior (what we want to know) with the effect of condition on
what region of the RPF is selected for analysis (an “effect” of no
interest that we should eliminate). By contrast, using different in-
tervals across subjects does not introduce confounds with the effect
of condition on RPF behavior (assuming a repeated measure
design). And while this approach does introduce between-subject
variability in the P; interval, it does so with the intention of

minimizing the more important between-subject variability in how
much of each subject’s RPFs are excluded from the analysis.

Further considerations around across-subject heterogeneity in P,
intervals arise in the interpretation of AUC and P,.

Considerations for Interpreting AUC and P,. When P; in-
tervals are chosen to maximize interval width for each subject, we
can consider statistical analysis of the P, data to be answering the
question, “What is the effect of condition on RPF behavior, as
measured by the average P, over the widest possible P; interval for
each subject?” Discoveries of any effects would then indicate that
condition influences overall RPF behavior across a broad P, range.

As noted above, AUC over a given P; interval can be seen as the
average P, over that interval multiplied by the interval width. On
one way of looking, the dependence of AUC on interval width is a
nuisance factor that we control for by computing P,. However, it is
important to keep in mind that while P, controls for the effect of
interval width on the AUC computed over a given interval, it does
not control for the influence of the placement of that interval relative
to the RPF; the same RPF will yield different P, depending on what
aspects of its behavior are captured by the chosen P; interval, and
between-subject differences in P, might be partially attributable to
differences in RPF coverage afforded by their different P; intervals.
These concerns are minimized when we maximize the interval width
for each subject.

From another point of view, in the context of comparing RPF
behavior across the widest possible P; intervals for each subject,
AUC’s dependence on interval width can be seen as informative
insofar as it magnifies P, in proportion to the width of the interval
over which it was computed, effectively giving greater influence on
the outcome of statistical tests to subjects with wider P, intervals—
that is, subjects for whom the measured P, value characterizes a
greater fraction of the RPFs’ overall behavior.

Consideration of RPF coverage may be especially important
in cases where interval constraints potentially limit probing RPF
regions of particular interest. For instance, consider analysis of
RPFs relating meta-d’ (P,) to d' (P,). Since both variables
have chance values of zero, and since we expect meta-d’ to
be monotonically increasing with d’, any potential effects of
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condition on the RPF will likely manifest as influences on its
slope (with additional possible influences on its potentially
nonlinear, but still monotonically increasing, shape). Such
changes are likely to result in changes in AUC and P, that grow
with the upper bound of the P; interval (with the lower bound
always corresponding to the chance value of d'= 0). Therefore,
subjects for whom the interval’s upper bound is smaller will
contribute AUC and P, data that, on average, are a poorer
reflection of RPF behavior in the P, regions where the effect of
interest is maximal. In this case, statistical analysis of the AUC
data might implicitly take this issue into account by “weighting”
each subject’s P, data in proportion to their interval width, relative
to the uniform “weight” of each data cell when the same statistical
test is performed on the P, data.

However, whereas Equation 9 implies a straightforward analyt-
ical sense in which AUC is P, scaled by P, interval width, caution is
warranted in regarding AUC as a “weighted” P, in the context of
statistical tests. The manner in which this “weighting” is implicitly
achieved by AUC may differ in its formal characterization and
interpretation from more principled approaches to weighting data in
statistical analyses, and the interpretation and desirability of this
implicit “weighting” may vary depending on the specific features of
the RPFs and P; intervals under consideration as well as the as-
sumptions and logic of the statistical analysis that is employed. A
nuanced understanding of the relationship between AUC and P,
requires considerations of factors like these on a case-by-case basis.

Nonparametric Computation of AUC. In the foregoing, we
have assumed that P, and P, data are fitted with psychometric
functions F; and F,. However, there may be cases where fitting P,
and/or P, encounters difficulties, such as:

* The researcher may be uncertain about the most appro-
priate functional form to choose for F; and/or F,.

* The researcher may prefer to avoid making parametric
assumptions about F'; and/or F,.

* For certain dependent variables, it may be unclear,
complicated, and/or labor intensive to develop an MLE
fitting approach and implement the fitting procedure in
analysis code (consider, e.g., the discussion of MLE
fitting for d’, meta-d’ and mean rating as discussed above
and in Supplemental Material S2.1).

*  When plotted against stimulus strength x, the data to be
fitted may be monotonically decreasing (e.g., reaction time
data) or nonmonotonic (e.g., when rating confidence in a
detection task, confidence may be high for “no” responses
at low values of x and “yes” responses at high values of x,
yielding a U-shaped function of confidence when collapsed
across response type), whereas standard psychometric
functions are monotonically increasing with x.

* Limitations and noise in the data may cause technical
difficulties with the fitting procedure or may yield fitted
parameter values that are implausible or present analysis
difficulties (e.g., infinite slope).

These difficulties can be circumvented by computing AUC non-
parametrically. The simplest nonparametric approach is to perform
linear interpolation between the data points in the plot of P,

versus P; and compute AUC from the resulting trapezoids,
analogous to the nonparametric measure of area under the
Receiver Operating Characteristic curve, A, (Pollack & Hsieh,
1969). A hybrid approach can also be applied in which the RPF is
constructed from a parametric fit of P, = F(x) and a nonpara-
metric estimation of P, = F5(x) via interpolation. However, note
that a hybrid approach where P, data are interpolated and P, data
are fitted is not viable, since the function yielded by interpolation
of P; will in general not be monotonic with x and so will not be
invertible—unless isotonic regression or similar approaches are
employed, as discussed in Supplemental Material S2.2.4—pre-
venting the computation of the RPF as described in Equation 3.

Although most implementations of nonparametric estimation of
AUC can handle nonmonotonicity in the P; data as a function of x,
AUC analysis is still only appropriate under the assumption that the
underlying function F; that generated those P; data is itself
monotonic (with nonmonotonicity in the P, data being attributed to
statistical noise). If F; is not monotonic over a given P; interval,
then the basic logic of using AUC to summarize RPF behavior over
that interval breaks down (see Supplemental Material S1).

In Supplemental Material S2.2, we discuss methodological
considerations for nonparametric computation of RPF AUC in more
detail, and in Supplemental Material S2.3, we present simulations
demonstrating that nonparametric methods are comparable to
parametric methods at estimating the true AUC of a known gen-
erating RPF under data collection conditions typical of those used in
psychophysical experiments. These sections also detail the reli-
ability and accuracy of AUC estimation under full parametric
psychometric function fitting.

Benefits and Limitations of the AUC Method. Summarizing
RPFs with AUC (or P,) in this manner has a number of virtues:

1. Ease of computation. RPF AUC can be computed via
numerical integration based on Fi(x) and F(x) without
needing to find a closed form expression for R(P;).

2. Ease of interpretation. RPF AUC provides a single, easy
to interpret measure (compared to the multiple, complex,
interrelated parameters of the Weibull RPF, for example).

3. Universality. AUC computations are applicable to any
RPF for any P, and P,, regardless of the functional forms
of Fy and F, (provided that F; is monotonic).

4. Robustness. AUC is more robust to measurement error
than general psychometric function parameter estimation.
For instance, in certain cases, small changes in the data can
yield relatively large differences in the fitted parameters
without having large effects on the overall shape of the
psychometric function, which in turn would lead to only
small changes in the RPF AUC. In fact, AUC estimation
can even be robust if F,(x) is constructed from piecewise
linear interpolation rather than fitting a function, further
simplifying the analysis approach; we explore this possibility
in detail in the Supplemental Material S2.3.

The AUC method is most straightforward to interpret in cases where
the RPFs do not intersect over the chosen fixed P; interval, since in
such cases, the values of P, in one condition are always higher than
in the other for every value of P, in the interval. However, if the
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empirical RPFs do intersect in this interval, then the relationship
between AUCs across conditions differs on either side of the
intersection point, which complicates interpretation of AUC com-
puted over the whole interval. Two possibilities must be considered:
(1) The “true” generating RPFs are similar or identical over this
interval, and the intersection in the empirical RPFs is due to sta-
tistical noise; or (2) the generating RPFs are distinct and do indeed
intersect over this interval, as is validly reflected in the empirical
RPFs. Since across-condition AUCs have opposite relationships on
either side of the intersection point, computing AUC over the entire
interval will tend to wash out any across-condition differences. This
behavior can be a virtue that accurately reflects the absence of an
effect in case (1) but may underestimate or even fail to detect the
presence of a true effect in case (2).

For instance, consider an idealized case where over a P, interval
[0, 1], the empirical RPF in condition A has a constant value of 0.5,
and the empirical RPF in condition B is linear with values [0, 1] at
the end points of the P; interval. In this case, RPF A forms a
rectangle with base 1 and height 0.5, and RPF B forms a triangle
with base 1 and height 1 that intersects RPF A at P; = 0.5. Both
RPFs have an AUC of 0.5 despite differing considerably in their
shape, since A’s AUC is larger than B’s over P; € [0, 0.5] and the
opposite is true over Py € [0.5, 1].

Thus, if the “true” generating RPFs for A and B are similar or
identical, and the empirical RPFs A and B differ due to noise, their
identical AUCs will accurately reflect the absence of a difference in
the generating RPFs. Conversely, if the generating RPFs have forms
that are well represented by the empirical RPFs A and B, then
computing AUC over the interval [0, 1] will fail to quantify the
difference between the generating RPFs due to their intersection
over that interval. In cases where the generating RPFs intersect in
this way, the model comparison approach described below can still
detect the difference between them.

Model Comparison Approach. An alternative approach to
comparing RPFs across conditions is to capitalize on the observation
that if a functional form for the RPF is available, the parameters of
this function can be constrained in such a way as to ensure that fitted
RPFs across conditions are identical. The data can then be fitted with
two different models, one of which allows parameters to vary freely
in such a way that the fitted RPFs can differ across conditions
(“varying RPF model”), and one of which constrains parameters in
such a way that the fitted RPFs are constrained to be constant across
conditions (“fixed RPF model”). Standard model comparison
analysis approaches can then be conducted to investigate whether
the varying or fixed RPF model provides a better account of the data,
taking into account how the greater degrees of freedom in the
varying RPF model introduce the possibility of overfitting. This
model comparison analysis can be performed, for example, with
information theoretic measures such as Akaike information criterion
or Bayesian information criterion (Vrieze, 2012) or alternatively
with cross validation methods to assess model generalizability (de
Rooij & Weeda, 2020).

For instance, consider the functional form of the Weibull RPF Ry,
discussed above (Equation 6). A trivial way to ensure that Ry
is constant across conditions would be to constrain all parameters for
F, and F’, to be constant across conditions. However, a more artful
approach would be to allow the parameters of F; and F) to have the
maximal degree of freedom possible while still constraining the
corresponding RPFs to be constant across conditions. Investigation

of Equation 6 shows that this latter goal can be achieved by con-
straining the following parameter values to be constant across
conditions: vy, Ay, B1, Y2, A2, Pa, and :—T This set of constraints allows
oy and o, to vary across conditions in the fitting of F'; and F’, so long
as the resulting parameter values conserve constant values for z—f
across conditions, thus allowing for variation in the fits for | and F,
while preserving a fixed RPF. The varying RPF model, by contrast,
would relax some or all of these constraints and thus allow fitted
RPFs to differ across conditions.

Generalizing the above discussion, there are actually multiple
ways to define “fixed RPF” and “varying RPF” models, depending
on what constraints on across-condition parameter values are
imposed over and above the key set of constraints determining
whether RPFs can vary across conditions or not. For example, we
have just shown how there are two ways to constrain parameters
across conditions to yield fixed RPF models for the Weibull RPF,
and every way to relax any aspect of these constraints—such as, for
example, allowing f; but not B, to differ across condition, or al-
lowing a; and o, be completely unconstrained across condition, and
so on—would yield a different varying RPF model. An extended
model comparison analysis could thus consider a family of models,
some of which are fixed RPF models and others of which are varying
RPF models. Interpretation of the results of such an analysis could
reveal findings such that, for example, the best fitting model con-
strains Z—? to be constant across conditions but allows f; and §, to
vary, or similar patterns, which could provide a more nuanced
understanding of how condition influences specific aspects of RPF
behavior and potentially shed light on the underlying mechanisms.

Regardless, the most basic and foundational question would still
be whether the empirical RPFs are best characterized by fixed or
varying RPF models. If varying RPF models are best supported in
the model comparison analysis, this would suggest that RPFs are
modulated by condition, and thus that the psychological processes
generating P, and P, are at least partially separable. Conversely, if
fixed RPF models are best supported, this would suggest that the
observed RPFs are consistent with the possibility that P, determines
P, (or vice versa), or that both are generated by a single underlying
process characterized by a constant RPF.

The model comparison approach has several advantages over the
AUC approach. Whereas the AUC approach has certain com-
plexities and limitations related to considerations of the P; interval,
modeling can straightforwardly take into account all aspects of RPF
behavior for every condition of every subject. Model comparison
can also achieve a more precise and nuanced analysis of RPF
behavior; it can detect differences in RPFs even in cases where RPFs
intersect in a way that yields similar AUC values, and it can pinpoint
which specific aspects of RPF behavior (as controlled by specific
RPF parameters) are influenced by condition. Additionally, unlike
AUC analysis, model comparison can be applied to analysis of
relative psychometric performance even if P, cannot be expressed as
a function of P; (Supplemental Material S1). However, the model
comparison approach has the disadvantages that it is more complex
and resource intensive to conduct and may require devising an
approach that is tailor-made to a specific analysis plan or data set.
Additionally, although most aspects of model comparison can
proceed via assessing the joint fits of F; and F, across conditions,
characterizing what parameter constraints yield the minimally
constrained fixed RPF model may require deriving and analyzing an
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analytic expression for R (as, e.g., in the above consideration of fixed
RPF models for the Weibull RPF).

Empirical Case Study

In this next section, we demonstrate the power and utility of the
RPF method by applying it to an empirical data set in which subjects
made perceptual decisions about coherent dot motion and rated
confidence. Seven levels of motion coherence were presented, al-
lowing construction of psychometric functions for accuracy, confi-
dence, and metacognitive sensitivity. Experimental conditions were
contrived so as to attempt to modulate the relationship between
confidence and accuracy, naturally inviting an RPF analysis

dot kinematogram (RDK) stimuli which continuously filled the
entirety of a computer monitor with random dot motion. In a two-
interval forced choice task design, on each trial of the experiment,
a circular patch of these dots to the left or right of a central fixation
cross briefly displayed coherent motion in a downward direction
(Figure 4). The observer’s task was first to indicate which side of
the display contained the coherent downward motion and then to
rate their confidence on a scale of 1-4, using separate keypresses
for each report.

We varied three aspects of the task to examine their effects on the
relationship between accuracy and confidence. First, we varied
motion coherence by randomly selecting the coherence of the
downward dot motion on each trial from a list of seven values evenly

confidence rating
3s

Note.

spaced between 10% and 80% coherence. Second, we varied dot
density by setting the density of the dots across the whole display on
each trial to one of three levels (low = 1 dot/degz, medium = 3 dots/
deg?, high = 9 dots/deg?). Third, we varied changes in dot density
across trials by either setting dot density randomly on each trial
(interleaved trial structure) or by holding dot density constant with
each block of trials (blocked trial structure; Figure 4).

See Supplemental Material S3 for full details of participants,
stimuli, equipment, and experimental design. This study was not
preregistered.

Data Analysis

s é approach.

5 8 Following previous demonstrations (Koizumi et al., 2015;
Z 2 : : . .

£ 3 Experimental Methods Odegaard, Grimaldi, et al., 2018; Rollwage et al., 2020., Samaha
2 = et al., 2016; Stolyarova et al., 2019), we expected higher dot
B % Twenty-one healthy adult human subjects viewed random density conditions to yield higher confidence, even when task

performance was similar. We also examined whether metacog-
nitive sensitivity—quantified as meta-d’—would differ across
dot density conditions.

To explore these possibilities, we fit psychometric functions to d’,
mean confidence, and meta-d’ as a function of dot motion coherence
for each subject in each condition (dot density: high, medium, low;
trial structure: blocked, interleaved). We fit scaled Weibull functions
for d’ and meta-d and modeled mean confidence via the sum of three
separate Weibull fits to p(confidence > ylx) data for y € {2, 3, 4},
using the methods for MLE fitting of these variables developed in
the Supplemental Material S2.1. This allowed us to specify two
categories of metaperceptual RPFs, one relating d’ to mean con-
fidence and another relating d’ to meta-d’. For each of these

<
=)
Z2¢s Figure 4
238y Behavioral Task Procedures
Do s
Pl =]
o5 % A B .
388 ) ®) blocked interleaved
252 pre-stimulus G
55 & p1egod block 1 ;
2 2.5 3s | medium density
S E 3 low density
272 2 v [ e
E % £ stimulus o density
% ‘@ E" 533 ms block 2 = low density :
e L - _
S5 =
2 E< + v
oz erceptual judgment _
= pefceplua judg , block 9 :
[ medium density |

low density
day 1 €«—— day?2

(A) Each trial began with a prestimulus period, during which full-field random dot motion was

shown (black arrows illustrate dot motion direction). Subsequently, within one of two circular regions of
the screen (indicated here by the red circles to the left and right of fixation—red circles were shown to
participants only during preliminary practice trials but not during experimental trials), coherent downward
dot motion occurred, followed by a response period in which participants indicated on which side they saw
the coherent motion and rated their decision confidence. The central red circle indicates an area around the
fixation cross where no dots were presented; this red circle was not shown to participants and is used here
for illustration purposes. (B) Participants underwent two trial structure conditions, blocked and interleaved,
on two different days of testing. In the blocked condition, dot density was constant across trials within a
given block, whereas in the interleaved condition, dot density varied randomly across trials. Blocked versus
interleaved days and order of density blocks was counterbalanced across all participants. See the online
article for the color version of this figure.
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metaperceptual RPFs, we computed AUC and P, separately for each
condition of each subject, using the widest possible P, interval for
each subject (Equations 10 and 11). We assessed the effects of the
experimental manipulations on these measures using 3 (Dot
Density: High, Medium, Low) X 2 (Trial Structure: Blocked,
Interleaved) repeated-measures analyses of variance (ANOV As).
For further details on how we implemented RPF analyses for
these data, see Supplemental Material S3.5.

All RPF analyses were performed using our open-source
RPF toolbox, available at https://github.com/CNClaboratory/
RPF (Maniscalco & Peters, 2026); data and code used specifically
for these analyses are also shared openly on the Open Science
Framework (https://osf.io/62rwk; Castaneda et al., 2026).

Subsequent to performing RPF analysis, we noticed that one
subject exhibited an abnormally narrow P; interval due to partic-
ularly poor task performance (d’) in the interleaved condition, and so
we chose to exclude this subject from the main analysis results (see
Supplemental Material S3.1 for full discussion). However, we also
present full statistical results for all analyses when including this
subject’s data in Supplemental Material S3.6. The net effect of
including this subject is that all statistically significant results get
slightly weaker, with all significant main effects remaining sig-
nificant, but some significant interaction effects falling slightly
below the significance threshold. We moderate our conclusions in
the discussion below accordingly.

Empirical Results and Discussion

We found that dot density did indeed have the expected effect on
the RPF for mean confidence as a function of &', particularly in the
interleaved trial structure. We also found evidence that the RPF for
meta-d’ versus d’ varies as a function of trial structure and exhibits
sensitivity to dot density in the interleaved trial structure.

In the plotted data (Figures 5 and 6), for illustrative purposes, we
show RPF curves for each trial structure and dot density condition
that are fitted to the combined group data concatenated across all
subjects, rather than an average across the fitted curves for each
subject individually. However, we remind the reader that all sta-
tistical measures were derived from single-subject fits. In Figure 7,
we show group averages of raw AUC and P, as a function of
dot density and trial structure for both the mean confidence and
meta-d’ RPFs.

For mean confidence versus d’' (5), using the raw AUC
(Figure 7A) in a 3 (Dot Density: High, Medium, Low) X 2 (Trial
Structure: Blocked, Interleaved) repeated-measures ANOVA, we
found a main effect of Dot Density, F(2, 38) = 4.169, p = .023,
nf) = 0.180, but not Trial Structure, F(1, 19) = 0.102, p = .752,
nf) =0.005, and a significant Trial Structure X Dot Density inter-
action, F(2, 38) = 4.867, p = .013, nf) =0.204, such that mean
confidence increased with increasing dot density in the interleaved
but not blocked trial structure. The pattern was similar when we
used a second repeated-measures ANOVA to examine the nor-
malized AUC measure P, (Figure 7B), with a main effect of Dot
Density, F(2, 38) = 4.354, p = .020, n% = (0.186, but not Trial
Structure, F(1,19)=0.173, p = .682, ng = 0.009, and a significant
Trial Structure X Dot Density interaction, F(2, 38) = 4.689, p =
.015, n% = 0.198—again suggestive that mean confidence increased
with increasing dot density primarily in the interleaved but not
blocked trial structure.

For metacognitive sensitivity (meta-d”) versus d’ (6), we observed
a somewhat different pattern. Using raw AUC (Figure 7C), a
repeated-measures ANOV A revealed no main effect of Dot Density,
F(2,38)=1979, p = .152, r]g = 0.094, but a main effect of Trial
Structure, F(1, 19) =7.697, p = .012, n}% = 0.288, and again a Trial
Structure X Dot Density interaction, F(2, 38) = 3.491, p = .041,
ng = 0.155, such that meta-d’ was significantly lower in the
interleaved trial structure, particularly for lower dot densities. A final
repeated-measures ANOVA on the normalized AUC measure P,
(Figure 7D) revealed again no main effect of Dot Density, F(2, 38) =
1.848,p=.171, ng = 0.089, but a main effect of Trial Structure, F(1,
19) = 9.341, p = .007, nf, =0.330, and a marginal interaction
between Trial Structure and Dot Density, F(2, 38) =2.916, p = .066,
Th% = 0.133—again suggestive that metacognitive sensitivity was
lower in the interleaved trial structure, particularly for lower dot
densities.

It is notable that RPF analysis for meta-d’ versus d’ has special
resonance with existing analysis approaches that call for meta-d’ to
be interpreted by way of comparison to d' (Fleming, 2017;
Maniscalco & Lau, 2012, 2014), for example, by computing M. =
meta-d’'/d’ as a measure of metacognitive efficiency, with values
lower than 1 indicating suboptimal metacognitive sensitivity rela-
tive to SDT expectation. In plots of meta-d” versus d’, the slope of
the function roughly corresponds to M., (With this relationship
being exact for linear functions with y-intercept = 0). RPF analysis
suggests another natural way to link meta-d’ versus d’ functions with
M, .o dividing the average meta-d’ value over a given d’ interval
(i.e., P,) by the average d’ value over that interval (i.e., 2 ;“) yields a
measure of average M., over the interval. Characterizing RPF
analysis results in this way can add extra richness to our under-
standing. For instance, Figure 7D shows average meta-d’ over each
subject’s d’ interval for each condition. Dividing these by the
corresponding average d’ values for each subject’s d’ interval and
averaging across subjects reveals that in the blocked trial structure,
average M., 1s around 0.87 for all dot densities, whereas in the
interleaved trial structure, M,,;, takes on values of 0.6, 0.66, and
0.86 for low, medium, and high dot densities. These quantities give
further context for understanding subjects’ overall metacognitive
performance and how this is modulated by condition. More gen-
erally, these observations highlight how RPF analysis of meta-d’
versus d’ synergizes with and extends existing frameworks for
analyzing metacognitive sensitivity relative to task performance.

These findings are of utility to the community in several ways.
First, from a basic science perspective, the observation that a
manipulation as simple as the density of an RDK can induce changes
in overall mean confidence over and above any effect on task
performance capacity is consistent with findings in the literature on
the so-called “positive evidence” or “response-congruent evidence”
bias in metacognition (Rollwage et al., 2020; Samaha & Denison,
2022). In a number of empirical investigations, it has been shown
that higher amounts of absolute magnitude of evidence available to
the observer to make a perceptual decision are associated with
increased subjective confidence reports; these manipulations of
evidence can take the form of contrast or luminance (e.g., Koizumi
et al., 2015; Rausch et al., 2017; Samaha et al., 2016, 2019), dot
motion coherence (Zylberberg et al., 2012), or even more cognitive
type evidence such as facial attractiveness (Ceja et al., 2022).
(Note: These demonstrations of “positive evidence” or “response-
congruent evidence” bias in metacognition are not without
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Figure 5
Results of the Empirical Case Study Showing the Metaperceptual Relative Psychometric Function Relating d' and
Mean Confidence Ratings
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Note. Plots here visualize the statistical effects across subjects (see Figure 7A, 7B) via direct fits to the group-level data. (A—C)

show F (d’' vs. dot motion coherence), F, (mean confidence vs. dot motion coherence), and the RPF R (mean confidence vs. d")
for the blocked trials; (D-F) show the same for the interleaved trials. Fitted RPFs for the blocked (C) and interleaved (F) trial
structure show visually that the blocked trials resulted in little-to-no apparent differences in the RPF as a function of dot density,
while the interleaved trials show RPF separation with higher mean confidence in higher dot density conditions over the same
interval of task performance. Shaded regions in (C) and (F) show the d’ interval common to all dot density conditions in the

group-level data. RPF = relative psychometric function. See the online article for the color version of this figure.

counterexample; see, for example, Locke et al., 2020; Boldt et al.,
2025.) Models have been proposed to account for these and similar
findings, placing constraints on how confidence might be
(neurally) computed in perceptual decisions (e.g., Maniscalco et
al., 2016, 2021; Peters, Thesen, et al., 2017).

Here, we add to these previous findings by investigating how trial
structure and dot density manipulations influence not only mean
confidence levels but also the metacognitive sensitivity exhibited by
those confidence ratings (as measured by meta-d’). We found a
seemingly robust main effect, whereby meta-d’ decreases when
different dot densities are interleaved on a trial-by-trial basis, with
weaker statistical suggestions that this decrease may be particularly
strong for lower dot densities. These findings may be relevant to
recent work exploring observers’ capacity to update Type 2 criteria
with changing uncertainty conditions (Lee et al., 2023; Rahnev &

Denison, 2018). However, although lower overall metacognitive
sensitivity in interleaved trials is consistent with the possibility that
interleaved dot densities induce trial-to-trial shifts in Type 2 criteria
(which would result in a lower measured value for metacognitive
sensitivity), it remains to be explained why this effect might differ
across specific dot density levels.

We regard these meta-d’ results as tentative, pending subsequent
empirical corroboration with higher powered experimental designs.
The data set used here was not designed with meta-d’ analysis in
mind; only 36 trials were presented for each permutation of motion
coherence, dot density, and trial structure, and despite the visual
appearance of a seemingly impressive interaction between dot
density and trial structure (6 and 7), there was only inconsistent
statistical support for this interaction across all analyses we con-
ducted. Nonetheless, the present results suggest potentially fertile
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Figure 6
Results of the Empirical Case Study Showing the Metaperceptual RPF Relating d’' and Metacognitive Sensitivity,
Measured With Meta-d’
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Note. Plots here visualize the statistical effects across subjects (see Figure 7C, 7D) via direct fits to the group-level data.
Similar to the plots for mean confidence (Figure 5). (A—C) show F; (d’ vs. dot motion coherence), F, (meta-d’ vs. dot motion
coherence), and the RPF R (meta-d’ vs. d”) for the blocked trials; (D—F) show the same for the interleaved trials. Fitted RPFs for
the blocked (C) and interleaved (F) trial structure show visually that the blocked trials resulted in no apparent differences in
meta-d’ as a function of dot density, while the interleaved trials show RPF separation with higher meta-d’ in higher dot density
conditions over the same interval of task performance. Shaded regions in (C) and (F) show the d’ interval common to all dot
density conditions in the group-level data. Dashed lines in (C) and (F) show the line of unity where meta-d'= d’, corresponding
to the expected value of meta-d’ under signal detection theory. RPF = relative psychometric function. See the online article for
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the color version of this figure.

paths for future research. If future research corroborates the tentative
findings presented here, such findings would contribute to our
understanding of the computational relationship between perfor-
mance and confidence ratings on a trial-by-trial basis and provide
rich opportunities for future computational studies to use these and
similar kinds of data to arbitrate among candidate process models
giving rise to metacognitive judgments (e.g., Adler & Ma, 2018a,
2018b; Aitchison et al., 2015; Denison et al., 2018; Kiani et al.,
2014; Maniscalco et al., 2016; Miyoshi & Lau, 2020; Peters, Fesi, et
al., 2017; Peters & Lau, 2015; Peters, Thesen, et al., 2017; Winter &
Peters, 2022; Xue et al., 2024b; Zylberberg et al., 2014, 2016).
Our intent with this empirical demonstration was not only to
demonstrate that manipulations of dot motion evidence may
influence confidence and task performance in distinct ways, which

has previously been established. Here, we were also concerned with
showing how full RPF analyses can provide benefit over measuring
differences in confidence or metacognitive sensitivity at one or two
levels of (matched) performance. Importantly, one can see clearly
through the RPF approach that the size of the effect on subjective
experience depends strongly on the performance level at which the
effect is measured: For both mean confidence (5 and 7A, 7B) and
metacognitive sensitivity (6 and 7C, 7D), the difference in the
subjective report appears to grow as a function of task performance;
this occurs with specific quantitative relationships to task perfor-
mance in both cases. By extension, if a researcher were to try to
measure the effect size of a manipulation’s influence on mean
confidence or meta-d’, but were unable to precisely match task
performance across conditions or subjects, the effect size of interest
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Figure 7
Results of the Empirical Case Study Showing the AUC-Based Analyses Using AUC and P,
conf = R(d")
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Note. Bothraw AUC (A, C) and its normalized variant, Pz (B, D) confirm visual inspection of the RPFs

in Figures 5 and 6, showing significant main effects of the ANOVA factors dot density (for the average
confidence RPF) and Trial Structure (for the meta-d’ RPF), with both main effects being modulated by
Trial Structure X Dot Density interactions. That is, higher dot density led to higher mean confidence over a
matched performance interval, especially (or only) in the interleaved trials; and the interleaved trial
structure led to lower metacognitive sensitivity (meta-d’) than the blocked trial structure over a matched
performance interval, especially for lower dot densities. See main text for statistical details. RPF = relative
psychometric function; AUC = area under the curve; ANOVA = analyses of variance; avg = average;
conf = confidence. See the online article for the color version of this figure.
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would be at best poorly estimated, or at worst entirely missed (e.g.,
at lower levels of d'). By measuring and fitting the entire RPF and
engaging in the AUC-based analyses presented here, such differ-
ences due to nuisance variables can be minimized, revealing a robust
and quantitatively precise measure of subjective experience dif-
ferences independent of task performance.

Importantly, process models of metacognition or subjective
experience in general—such as those mentioned above—become
much more highly constrained if they must explain behavioral data
across the entire RPF in multiple conditions, opening an exciting
new set of questions for the community (Fleming, 2023; Peters,
2022, 2025). Recently, numerous process models purporting to
capture the relationship between performance and confidence in
tasks using RDKs and other stimuli have been proposed, with
increasing emphasis on attending to differences in experimental
setup, behavioral paradigm, and stimuli to explain seemingly
divergent findings (e.g., Fung & Rahnev, 2024; Fung et al., 2025;
Xue et al, 2024a). These newer explorations are especially
important because most available data sets—and indeed, most

studies done in the field—test limited combinations of stimuli and
task designs (Rahnev et al., 2020; Shekhar & Rahnev, 2024),
leading to calls for expansion into more generalizable approaches
(Rahnev et al., 2022) and tasks designed to specifically and effi-
ciently arbitrate among candidate process models (Rong & Peters,
2023). Excitingly, the RPF analysis demonstrated here is not limited
to the behavioral metrics we explored (percent correct, mean
confidence, and meta-d’) but could also be used to highly constrain
competing process models which may include evidence accumu-
lation time (Kiani et al., 2014; Maniscalco et al., 2021; Zylberberg et
al., 2016), or to evaluate whether and how static versus dynamic
integration of prior expectations is integrated into the decision-
making process (Khoudary, Bornstein, & Peters, 2025; Khoudary,
Peters, & Bornstein, 2025). That our stimuli were dynamic RDKs—
well-studied and characterized at most levels of visual processing—
can meaningfully set these activities on the right track, and we
welcome any follow-up attempts using our data (shared openly on
the Open Science Framework; link included in the Data and Code
Availability section).
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While the data presented here perhaps consist of fewer subjects
than would be ideal, they nevertheless demonstrate the robustness of
the RPF method to small numbers of subjects or even to few trials
per condition. Here, we collected only 36 trials per condition (seven
levels of RDK motion coherence, Blocked vs. Interleaved Trial
Structure, and three levels of Dot Density). The entire data set was
collected across only approximately 2 hr of testing per subject,
meaning that even as few as 36 trials per condition can be sufficient
for conducting robust and precise RPF analyses comparing across
conditions with the AUC-based metrics. (Of course, more trials are
better, and following best practices for fitting d’ or meta-d’ in any
data set would suggest at least 100 trials per condition for robust
estimates of these metrics.) Future work should seek to confirm and
expand the initial findings presented here regarding the effect of dot
density and trial structure manipulations on performance, confi-
dence, metacognitive sensitivity, and their interrelations.

Overall, this empirical case study highlights an exciting direction
for the study of subjective experience and for use of the RPF analytic
approach in general. We believe these results and the analytic
approach to be of great value both within the metacognition and
subjective experience community (Michel et al., 2019; Rahnev et
al., 2022) and beyond.

General Discussion and Future Directions
Summary

In this piece, we have laid out a novel framework for investi-
gating, in general, the quantitative relationship between two psy-
chological processes measured under noisy conditions and how
these relationships may vary with any experimental manipulation or
intervention that is of interest to the researcher. This framework
includes the derivation of the relative psychometric function (RPF)
under parametric assumptions, including special considerations
for fitting customized psychometric functions to nonstandard
psychometric variables such as task performance capacity measured
with the signal detection theoretic metric d’, average confidence
ratings, and metacognitive sensitivity (meta-d’; Maniscalco & Lau,
2012, 2014). We also developed and tested a series of metrics and
algorithms designed to provide intuitive insight into how the RPF
may change across experimental conditions, including the area under
the RPF (AUC) method and its normalized variant, P,. These metrics
provide a clear, precise, and interpretable approach for interpreting
variations in RPFs across experimental conditions. And for those who
wish to precisely evaluate other relationships among RPFs or how
they may be captured by process models (e.g., signal detection or
Bayesian decision theoretic, evidence accumulation models, etc.), we
also lay out a model comparison approach in which the RPF can be
constrained to be equivalent across conditions or free to vary in
different ways. This model-based approach can provide important
nuance and context to supplement the AUC-based analyses devel-
oped here.

We demonstrated the utility of the RPF framework by way of
example, showing how the RPF approach can facilitate quantifying
precisely how a manipulation of interest impacts subjective pro-
cessing independent of (or over and above its effect on) objective
processing. In this case study on the metaperceptual RPF, we found
that our dot density manipulation led to changes in mean confidence
that were separable from the influence of this manipulation on

task performance, particularly when dot densities were randomly
interleaved across trials rather than being organized into blocks of
trials. We also found preliminary evidence that interleaving dot
density reduces meta-d’, particularly for trials with lower dot
density.

Although these empirical results are valuable and contribute to the
literature on how metacognition behaves, our primary excitement
lies in the promise of the RPF framework to study the quantitative
relationship between any pair of psychological variables the
researcher may desire. Thus, we emphasize that the RPF framework
can be used not only to study the relationship between objective
processing capacity and subjective experience, but for character-
izing the quantitative relationship among any two (likely non-
linearly) related psychological processes—including those for
which no functional form relating each process to objective stimulus
properties is known or presumed (see Supplemental Material S2.2
and S2.3 for details). As part of developing this highly general
analysis framework, we have also developed novel methods for
conducting maximum likelihood fitting of psychometric functions
to three particular dependent variables that may commonly be of
interest for RPF analysis: d’, meta-d’, and mean confidence
(Supplemental Material S2.1).

We have also developed the RPF toolbox as an open-source
community resource, available for download and extension from
https://github.com/CNClaboratory/RPF. The toolbox supports a full
analysis pipeline from raw trial-level data for a single subject to
comprehensive RPF analysis results and plots. It is designed to
allow for an easy, out-of-the-box analysis pipeline that can be
conducted using only a few high-level functions while implicitly
handling many of the subtleties and complexities of RPF analysis
under the hood, while still allowing for complete control and
customizability of the finer details of the analysis where desired. It is
highly flexible, including built-in support for computing many
dependent variables of interest from trial-level data and various
methods for fitting or interpolating the data. For more details, see
Supplementary Material S4.

Advantages of the RPF Method Over Standard
Performance-Matching for the Study of Subjective
Experience

A primary use for RPF analysis is for isolating the neural or
computational correlates of subjective aspects of perception from
those giving rise to task performance. Since Lau first articulated this
need (Lau, 2008; Lau & Passingham, 2006), many groups have
sought to control for “performance confounds” by finding one or
two levels of matched performance across various experimental
manipulations, and then examining how subjective measures differ
(Morales et al., 2022; Peters, Kentridge, et al., 2017). However, as
mentioned in the introduction, this performance matching approach
is limited for two primary reasons: It relies on a statistical null effect
(finding conditions where subjective experience differs but per-
formance fails to differ), and differences in subjective experience
can depend on the level of matched performance selected by the
experimenter.

As we have seen, RPF analysis circumvents these challenges by
revealing differences in P, (e.g., confidence) over an entire matched
interval of P; (e.g., performance). Importantly, however, we can
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also relate components of RPF analysis directly back to more
traditional performance-matching approaches to facilitate direct
comparison with existing literature. For example, we can see that if
one measures the entire RPF for each condition of interest, RPF
AUC analyses can be tuned to any intervals within the available
common P, interval across conditions of interest. In the limit, as this
interval approaches zero, computing RPF AUC reduces to “reading
oft” the P, (subjective) values given a particular P, (performance)
value, that is, selecting exactly the matched performance level
desired through relying on the fitted functions. Doing so avoids the
methodological and statistical disadvantages of using staircasing or
other methods to discover conditions where subjective measures
vary but performance measures fail to vary. The freedom to select
one or two levels of exactly matched performance also evokes
performance-matching studies which have used two or more levels
of performance-matched conditions (e.g., hard and easy, Koizumi et
al., 2015; see Rahnev et al., 2020, for other potential data sets). RPF
AUC analyses could be used to reexamine such data, potentially
providing a more principled analytic approach; this might also be
possible through the interpolation-based nonparametric approach
(described in more detail in Supplemental Material S2.2 and S2.3)
even if fitting a parametric RPF is not possible. Thus, RPF analysis
provides a natural extension to more traditional performance-
matching approaches in a way that facilitates direct comparison to
previous empirical and theoretical literature.

Relationship to Other Recent Work Linking Relative and
Absolute Judgments

The study of psychophysics has a long and clever history,
spanning 150 years of quantitative psychological research. A large
literature has developed documenting the relationship between
small changes in physical stimulus magnitude and the ability of
humans (or nonhuman animals) to discriminate or detect such
differences as well as the relationship between physical stimulus
magnitude and absolute stimulus magnitude judgments—even of a
subjective nature (brightness, loudness, painfulness, and so on).
Weber’s law, Fechner’s law, Stevens’ power law—these are all
well-known, foundational examples that collectively support quan-
titative psychology across nearly countless domains of study.

Recently, a unifying framework linking such relative and absolute
psychometric judgments—that is, the relationship between ques-
tions such as “Was the left light brighter than the right one?” versus
“How bright is this light?”—was proposed by Zhou et al. (2024). In
this work, the authors combined generalizations of work by Fechner
and classic SDT to show how internal noise properties that
accompany stimulus representation can explain so-called “power
law” intensity percepts. Their unifying framework thus elegantly
links both relative and absolute psychophysical judgments to
stimulus properties in the environment.

On the surface, Zhou et al.’s (2024) approach may seem related to
the RPF approach developed here. However, their goal was to unify
multiple psychophysical laws through exploring mappings among
stimulus strength, perceived stimulus strength, and noise models.
Here, instead, we propose a psychometric framework to quantita-
tively characterize the relationship between any two psychological
processes—not just relative and absolute intensity judgments.
Specifically, we have through our case study focused on the
“metaperceptual” RPF. This form of the RPF is thus not limited to

judgments about the subjective evaluation of stimuli in the world
(absolute magnitude estimation judgments) but is also capable of
handling introspective or metacognitive judgments (judgments
about one’s own processing capacity or one’s own internal expe-
rience). In other words, the metaperceptual RPF is sufficiently
general so as to evaluate the relationship between the world and first-
order internal representations of the world, and between those first-
order internal representations and higher order metacognitive or
introspective evaluation of them (R. Brown et al., 2019; Overgaard
& Mogensen, 2017). Thus, the metaperceptual RPF directly ad-
dresses recent calls for a psychophysical introspective research
program (Fleming, 2023; Kammerer & Frankish, 2023; Morales,
2024; Peters, 2024) as a targeted technique for understanding
phenomenological experience in general (Peters, 2022, 2024),
building upon previous research programs seeking to isolate sub-
jective experience for scientific study by holding performance
constant (Lau, 2008; Lau & Passingham, 2006; Morales et al., 2022;
Peters, Kentridge, et al., 2017). We expect that other field- and
question-specific variants of the RPF will emerge, for example,
relating confidence judgments to reaction times, clarity assessments
to criterion bias, or even extension to triads of variables or more.
Future work may wish to combine the approach taken by Zhou et al.
with the RPF methodology to expand understanding of various
RPFs through considering mappings among the noise present in P,
and P, to noise in the RPF.

Excitingly, RPF analysis for introspective or metacognitive
judgments—including in these expanded variable sets—may also
facilitate inference about similarities among individuals, stimuli, or
tasks by strongly constraining process models—as briefly discussed
above. Specifically, direct comparison of entire (multimodal) RPFs
provides a sensitive and specific framework for evaluating the
similarity of constellations or signatures of psychological proces-
sing across many linked behaviors (Taylor et al., 2022). If two tasks,
domains, or individuals produce similar RPFs (especially when
expanded to multiple variables), one might more easily build a
single process model to characterize both, offering a path toward
revealing unifying explanations of otherwise seemingly disparate
domains.

Final Thoughts

In sum, the RPF framework holds great promise as a foundation
for the next generation of psychophysics. To facilitate the explo-
ration and use of this framework across disciplines and psycho-
logical areas of study, we encourage interested readers to make use
of and extend the open-source RPF toolbox (https://github.com/
CNClaboratory/RPF).
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