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Psychophysics, 
qu’est-ce que c’est ?

A body of techniques and analytic methods to study the 
relation between physical stimuli and the organism’s 
(classification) behavior to infer internal states of the 
organism or their organization.

Gustav Fechner (1801 - 1887)

1 INTRODUCTION

1 Introduction

1.1 La Psychophysique : définition

La psychophysique est une branche de la psychologie expérimentale qui s’intéresse à

la perception d’un stimulus. Elle tente de trouver un lien quantitatif entre un stimulus

physique et la perception que l’on en a, en exploitant les réponses comportementale, ou

les réponses de classification de l’observateur (voir Fig 1). C’est une modélisation de la

réponse interne en fonction du stimulus. G. Fechner fut l’instigateur de cette science en

1860[3][4]. Il formula la loi de Weber-Fechner selon laquelle ”la sensation varie comme le

logarithme de l’excitation”.

Fig. 1: Les éléments d’une expérience psychophysique

1.2 La théorie de la detection du signal (TDS) : (1960)

La théorie de la détection du signal est une approche moderne de la psychophysique,

qui s’interesse à l’étude de la perception du signal en présence de bruit[5]. Il s’agit d’une

remise en cause de la méthode traditionnelle qui était dans l’incapacité de distinguer les

biais de réponse et la sensibilité réelle du sujet. La théorie de la détection trouve des

applications dans beaucoup de domaines comme le diagnostic, le contrôle de qualité, les

télécommunications et la psychologie. Elle est aussi utilisé dans la gestion d’alarme, où il

est important de séparer des événements importants du bruit de fond.[6]

Dans la situation la plus simple, on présente à un observateur une série de pré-

sence/absence de signals. On lui demande à chaque fois de donner une réponse sur la

présence ou non du signal (OUI/NON). La décision de l’observateur est variable. Elle

dépend de sa perception interne, mais aussi de son critère de choix. Il peut être stict
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Conjoint Measurement
Interactions of surface properties:  Gloss and ‘bumpiness’

Ho,  Landy & Maloney (2008) Psych Science 

Conjoint Measurement¹ is a psychophysical procedure

used to estimate the interaction of perceptual scales 

for stimuli distributed along            physical continua.n ≥ 2

¹Luce & Tukey (1964) J Math Psych



Ho,  Landy & Maloney (2008) Psych Science 

Interactions between Surface Properties



TIME

Fixation

200ms

Surface 1

400ms

ISI (blank screen)
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From a set of p stimuli varying along 2 dimensions,
   a random pair,              , is chosen  and presented
   to the observer as in this example.

                                
                                         Which is bumpier (glossier)?

(Iij , Ikl)



B1 = ψb(b1) + χg(g1)
B2 = ψb(b2) + χg(g2)
∆ = B1 −B2 + ε > 0⇔ “First”

ε ∼ N (0,σ2)

Ho, Landy & Maloney (2008), Psych Science

The decision model

b2 g2b1 g1 Bumpier?



Estimation of Scale Values
Ho, Landy & Maloney (2008) used a direct method for estimating
the maximum likelihood scale values,

gives the first 6 rows of the data.frame for the observations that generated the scale shown
in the lower right of Figure 1.

From these data, the experimenter estimates the perceptual scale values ψ1, ψ2, . . . ,ψp

corresponding to the stimuli, I1, . . . , Ip, as follows. Given a quadruple, (a, b; c, d) from a
single trial, we first assume that the observer judged Ia, Ib to be further apart than Ic, Id

precisely when,
|ψb − ψa| > |ψd − ψc| (1)

that is, the difference scale predicts judgment of perceptual difference.
It is unlikely that human observers would be so reliable in judgment as to satisfy the

criterion just given, particularly if the perceptual differences |ψb−ψa| and |ψd−ψc| are close.
Maloney and Yang (2003) proposed a stochastic model of difference judgment that allows
the observer to exhibit some stochastic variation in judgment. Let Lab = |ψb − ψa| denote
the unsigned length of the interval Ia, Ib . The proposed decision model is an equal-variance
Gaussian signal detection model (Green and Swets, 1974) where the signal is the difference
in the lengths of the intervals,

δ(a, b; c, d) = Lcd − Lab = |ψd − ψc|− |ψb − ψa| (2)

If δ is positive, the observer should choose the second interval as larger, when it is negative,
the first. When δ is small, negative or positive, relative to the Gaussian standard deviation,
σ, we expect the observer, presented with the same stimuli, to give different, apparently
inconsistent judgments. The decision variable employed by the observer is assumed to be

∆(a, b; c, d) = δ(a, b; c, d) + ε = Lcd − Lab + ε (3)

where ε ∼ N (0, 1): given the quadruple, (a, b; c, d) the observer selects the pair Ic, Id precisely
when,

∆(a, b; c, d) > 0. (4)

2.1 Direct maximization of the likelihood

In each experimental condition the observer completes n trials, each based on a quadruple
qk =

(
ak, bk; ck, dk

)
, k = 1, n. The observer’s response is coded as Rk = 0 (the difference

of the first pair is judged larger) or Rk = 1 (second pair judged larger). We denote the
outcome “cd judged larger than ab” by cd # ab for convenience. We fit the parameters
Ψ = (ψ1, ψ2, . . . ,ψp) and σ by maximizing the likelihood,

L(Ψ, σ) =
n∏

k=1

Φ

(
δ
(
qk

)

σ

)1−Rk
(

1− Φ

(
δ
(
qk

)

σ

))Rk

, (5)

where Φ(x) denotes the cumulative standard normal distribution and δ
(
qk

)
= δ

(
ak, b,; ck, dk

)

as defined in Equation 3.
At first glance, it would appear that the stochastic difference scaling model just presented

has p+1, free parameters: ψ1, . . . ,ψp together with the standard deviation of the error term,
σ. However, any linear transformation of the ψ1, . . . ,ψp together with a corresponding scaling

4

where
Ψ = (ψ2, · · · ,ψp,χ2, · · · ,χq)

δ(qk) = (ψb1 + χg1)− (ψb2 + χg2)
Φ

Rk

is the cumulative standard Gaussian (a probit analysis)

is 0/1 if the judgment is left/right image

ψ1 = χ1 = 0                and             for identifiability,

leaving                     parameters to estimate

σ = 1

p + q − 2



Estimation of Scale Values
The problem can also be conceptualized as a GLM.  

Each level of the stimulus is treated as a covariate in the model matrix,

taking on values of                in the design matrix, 

depending on the presence of the stimulus in a trial and

its weight in the decision variable.

0 or ± 1

For model identifiability, we drop the first two columns along each

dimension, fixing                        and           .   

   Resp G1 G2 B1 B2
1     1  3  4  4  3
2     1  3  5  4  2
3     0  1  1  1  4
4     0  2  3  1  2
5     0  1  4  3  4
6     1  1  5  5  2

p₁ p₂ p₃ p₄ p₅ q₁ q₂ q₃ q₄ q₅



0 0 1 −1 0 0 0 −1 1 0
0 0 1 0 −1 0 −1 0 1 0
0 0 0 0 0 1 0 0 −1 0
0 1 −1 0 0 1 −1 0 0 0
1 0 0 −1 0 0 0 1 −1 0
1 0 0 0 −1 0 −1 0 0 1





ψ1 = χ1 = 0 σ = 1



> head(bg.df)
     Resp G2 G3 G4 G5 B2 B3 B4 B5
[1,]    1  0  1 -1  0  0 -1  1  0
[2,]    1  0  1  0 -1 -1  0  1  0
[3,]    0  0  0  0  0  0  0 -1  0
[4,]    0  1 -1  0  0 -1  0  0  0
[5,]    0  0  0 -1  0  0  1 -1  0
[6,]    1  0  0  0 -1 -1  0  0  1	

Estimation of Scale Values

η (E [Y ]) = Xβ

> glm(Resp ~ . - 1, family = binomial( "probit" ), data = bg.df)
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Bumpiness Judgments
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The aim of Maximum Likelihood Conjoint Measurement (MLACM)
is to estimate scale values,                                               whose
additive combination best captures the observer’s judgments of the 
perceptual difference between the stimuli in each pair.

(ψ1, · · · ,ψp,χ1, · · · ,χq)



The MLACM package¹

The MLACM package provides a modeling function, 
mlacm(), that is essentially a wrapper for glm()  and 
will enable estimation of the perceptual scale values, 
given a data frame with the appropriate structure.

mlacm(x,
 model = "add", 
    whichdim = NULL,
 lnk = "probit", 
 control = glm.control(maxit = 50000, epsilon = 1e-14), 
    ...)

It outputs an S3 object of class ‘mlacm’ which can be
examined further using several method functions:  

summary, anova, plot, logLik and AIC

Default model is “additive”, but 2 others may be specified:  
  “independent” (must specify whichdim) and “full”.

1.  Not yet on CRAN



> (  bg.add <- mlacm(BumpyGlossy) )

Maximum Likelihood Conjoint Measurement

Model:  Additive
Perceptual Scale:
        G       B    
Lev1 0.000  0.000
Lev2 0.132  1.693
Lev3 0.185  2.947
Lev4 0.504  4.281
Lev5 0.630  5.275

> ( bg.ind <- mlacm(BumpyGlossy, model = "ind", whichdim = 2) )

Maximum Likelihood Conjoint Measurement

Model:  Independence
Perceptual Scale:
      [,1]
B1  0.00
B2  1.66
B3  2.88
B4  4.16
B5  5.11

Additive Model Independent Model

> anova(bg.ind, bg.add, test = "Chisq")
Analysis of Deviance Table

Model 1: resp ~ X.B2 + X.B3 + X.B4 + X.B5 - 1
Model 2: resp ~ (X.G2 + X.G3 + X.G4 + X.G5 + X.B2 + X.B3 + X.B4 + X.B5) - 1
        Resid. Df   Resid. Dev  Df     Deviance     P(>|Chi|)
1       971          500.12                       
2       967          476.48        4      23.64          9.452e-05



We can also test a “full” model with 24 parameters!

> bg.full <- mlacm(BumpyGlossy, model = "full")

Model:  Full
Perceptual Scale:
        B1          B2          B3          B4          B5     
G1   0.000      1.757      2.672      4.094      5.121
G2   0.257     -7.198    -14.141    -15.091   -15.041
G3   0.316     -6.674    -13.647    -14.615   -14.360
G4   0.644     -6.198    -13.275    -13.880   -13.906
G5   0.808    -13.318   -20.783    -21.277   -21.341

> anova(bg.add, bg.full, test = "Chisq")
Analysis of Deviance Table

Model 1: resp ~ (X.G2 + X.G3 + X.G4 + X.G5 + X.B2 + X.B3 + X.B4 + X.B5) - 1
Model 2: resp ~ X.G2 + X.G3 + X.G4 + X.G5 + X.B2 + X.B3 + X.B4 + X.B5 + 
    X.G2:X.B2 + X.G3:X.B2 + X.G4:X.B2 + X.G5:X.B2 + X.G2:X.B3 + 
    X.G3:X.B3 + X.G4:X.B3 + X.G5:X.B3 + X.G2:X.B4 + X.G3:X.B4 + 
    X.G4:X.B4 + X.G5:X.B4 + X.G2:X.B5 + X.G3:X.B5 + X.G4:X.B5 + 
    X.G5:X.B5 - 1
  Resid. Df Resid. Dev  Df Deviance P(>|Chi|)
1       967     476.48                       
2       951     451.66  16    24.82      0.07



Testing of Bias of MLACM model
Simulated Observer with response to a stimulus defined as
weighted combination of responses to 2 stimulus dimensions (A, B):

R = Sp1
A + wSp2

B

Decision Variable:

∆ = R1 −R2 + ε, ε ∼ N (O,σ2)

∆ > 0, choose “First”
else choose “Second”

Decision Rule:

S = (0, 0.25, 0.5, 0.75, 1)
p ∈ {0.25, 0.5, 1, 2, 4}
w ∈ {0.1, 0.5, 0.8}



Mean and SD of 1000 experiments with predicted curves

Bias and Number of Trials

1 replication, 300 Trials 5 replications, 1500 Trials
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Bias arises when one curve
is too flat, ...

but can be corrected by respacing 
the stimuli along the physical scale.

Bias and Bias Correction



Additional tests demonstrate that:

i. the variability of the estimates depends on the number of 
trials and not the number of physical scale values.

ii. the estimates are relatively robust to distributional 
assumptions

iii. the estimates are relatively robust to inhomogeneity of 
the variance



Future Directions

i.  Add a method to generate bootstrap standard errors of 
estimated scale values

ii.  Add diagnostic tests of the fits based on the residuals

iii. Add a formula method to fit parametric models to the 
data 

iv. Finish documentation and submit the package to 
CRAN ;^)

v.                                    ...



Summary

i.  Conjoint Measurement is a procedure to examine how 
physical dimensions interact in perceptual judgments.

ii.  We presented functions for fitting data from a Conjoint 
Measurement experiment using maximum likelihood 
methods (via glm) and a package, MLACM (soon to be 
released).

iii.   Simulations with a model observer show that bias in the 
estimations depends on the rate of change of the underlying 
responses and the number of trials, but that when these are 
adjusted the estimates are quite robust with respect to 
distributional and variance assumptions.


