
However, we believe that there is no rea-

son to restrict the term ‘pain signature’ to
measures of topography alone. At a cere-
bral level, pain is likely encoded by the
neuronal firing ‘intensity’ [6] in neural pop-
ulations targeted by nociceptive afferents
and pain-related wide dynamic range neu-
rons [7]. Ultimately, the topography,
response magnitude, and other features
such as the time course of responses and
interactions between brain regions are
likely to be important. Conversely, we
should not be too quick to uncritically
accept the null hypothesis that painful
and nonpainful conditions produce equiv-
alent activation; for example, a recent
study claimed that ‘pain matrix’ activation
is not specific for pain [8], without fully

considering potential differences in activa-
tion magnitude and functional reorganiza-
tion in unique patients.

Third, Hu and Iannetti take issue with the
practice of averaging across multiple trials
in a condition when testing ML-derived
markers or ‘signatures’. They claim that
this practice, which we refer to as ‘by-
condition’ testing (Figure 1), violates a
‘fundamental rule’ of ML by capitalizing
on prior knowledge, leading to ‘artificially
high’ prediction accuracy. This is simply
not true. Testing models on a by-condition
basis is common practice across many
types of neuroimaging data [9], including
seminal works on functional magnetic res-
onance imaging (fMRI) pattern recognition
(e.g., [10]). Wager et al. [5] tested a pain-
predictive fMRI ‘signature’ by averaging
trials within conditions, and making a pre-
diction about which is more painful. Cru-
cially, in these and related studies, ‘prior
knowledge’ about the painfulness of each
condition is only used when assessing
prediction accuracy, not when making
the predictions from test data. One needs
to only use prior knowledge of when
events in each condition occurred and
which trials belong to which conditions,
not their painfulness. For example, one
might test conditions involving stimulation
at 478C and 498C, but the intensity infor-
mation is not used in making the
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prediction – they could equally be labeled
‘A’ and ‘B’ (Figure 1).

Averaging over trials is expected to
improve prediction accuracy as long as
the condition labels are meaningful, by
virtue of the central limit theorem (Figure 1).
Recently, Lindquist et al. [4] applied a ‘pain
signature’ to data from six independent
data sets (N = 180), which revealed solid
predictive accuracy at the single-trial level.
Based on the central limit theorem, they
also estimated the number of trials one
would need to average to obtain a criterion
level of prediction accuracy (e.g., 90%),
demonstrating how averaging over trials
increases predictive power.
In summary, Hu and Iannetti initiated an
important discussion about the use of ML
in pain research. Understanding the nuan-
ces of which procedures are valid, and
which inferences can and cannot be
made, is an ongoing process. Ultimately,
in our view ML is a step forward from the
statistical parametric mapping and region-
of-interest approaches that have domi-
nated the field until recently. Used appro-
priately, it has the potential to transform
the neuroscience of pain, and brain–mind
mapping more broadly. We must move
forward constructively and with clarity.
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Letter Response
Issues in Pain
Prediction – Beyond
Pain and Gain

Li Hu1,2,* and
Gian Domenico Iannetti2,*
Zunhammer et al. [1] raise concerns that
our critiques of the use of machine-learn-
ing and functional neuroimaging to predict
subjective pain states are based on
‘flawed premises’. Unfortunately, Zun-
hammer et al. argue their case with some
of the same spurious reasoning that we
criticised in our article [2].

First, Zunhammer et al. question whether
it matters that a ‘neurological pain signa-
ture’ [3] observed using machine-learning
analysis of functional magnetic resonance
imaging (fMRI) data is based on reverse
inference [4]. Reverse inferences, which
plague fMRI research, are a serious and
well-understood logical fallacy that Zun-
hammer et al. nevertheless defend, affirm-
ing that ‘reverse inferences are not
inherently flawed, and can be useful if
validated successfully’. However, the fact
that reverse inferences can be correct
(which we clearly stated in Box 1 and
the Glossary of our paper [2]) does not
imply that they are correct. This seems to
be particularly the case with respect to
‘pain signatures’, because not all the val-
idations necessary to estimate the cor-
rectness of the reverse inference have
been performed (e.g., testing any alleged
pain signature against the responses
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Indeed, the information related to the con-
elicited by graded equisalient non-noci-
ceptive somatosensory stimuli). Notably,
when some of these validations have been
performed, they have revealed that the
brain responses elicited by transient noci-
ceptive stimuli cannot unequivocally indi-
cate that an individual is experiencing pain
[5]. This state of affairs, therefore, renders
illogical any claim that a pattern of brain
activity derived with machine learning is a
pain signature. While it is theoretically pos-
sible to specifically link features of brain
activity to the state of being in pain, a
conclusive pain signature has not been
yet identified. Premature and unvalidated
claims do not help progress but instead
hinder it.

Second, Zunhammer et al. criticise our
postulate that ‘signal magnitude cannot
contribute meaningfully to neural signa-
tures of pain’. However, this selective quot-
ing misleadingly omits a crucial aspect that
we made clear in our article. We do not
claim that signal magnitude cannot con-
tribute to pain signatures in general, but
only when machine learning is used to
identify a pain signature that cannot be
identified by mass-univariate analysis [2].
Because (i) information contained in signal
amplitude can be exploited by both
machine learning and mass-univariate
analysis [5], and (ii) the amplitude of brain
activation obtained by mass-univariate
analysis (i.e., the ‘pain matrix’) is largely
non-pain-specific [6], it follows that the
amplitude patterns identified by machine
learning are unlikely to uniquely reflect pain.
Our conclusion does not imply that
machine learning is useless. On the con-
trary, compared to mass-univariate analy-
sis, machine learning has the additional
potential of identifying fine-grained spatial
patterns [7] that may uniquely reflect the
state of being in pain. We reiterate here
what we pointed out in detail: when the
objective is to use machine learning to
predict pain (Objective 2 in our article),
and not to identify a pain-specific signature
(Objective 1 in our article), signal amplitude,
along with spatial pattern and other
response features, ought to be exploited.
Third, Zunhammer et al. argue that using
prior knowledge about which variable
each trial belongs to is acceptable when
testing prediction performance in machine
learning. However, they seem to be using
a different definition of prior knowledge
than we used in the article. We reiterate
here that by prior knowledge we refer only
to the variables that machine learning aims
to guess, not to ‘when events occurred’.
When machine learning is used to decode
unknown experimental variables, exploit-
ing the knowledge of these variables (e.g.,
by increasing the signal-to-noise of the
responses by averaging trials belonging
to the same variable) results in artificially
high prediction accuracy, which, in turn,
makes prediction performance incompa-
rable across different studies. Interest-
ingly, Zunhammer et al. agree with us
that averaging across trials in the same
condition can improve the prediction
accuracy [8], but then conclude that
‘one need only use prior knowledge of
when events in each condition occurred
and which trials belong to which condi-
tions, not their painfulness’. To assess
their statement, it is important to consider
an elementary principle of nociceptive
physiology – that the intensity of reported
painfulness largely depends on the inten-
sity of the applied nociceptive stimulus [9].
dition to which each trial belongs consists
of the stimulus intensity of that trial, which
determines the intensity of the subsequent
painful percept. Testing the prediction
performance based on brain responses
preliminarily averaged according to stimu-
lus intensity (as in [3]) is therefore an incor-
rect strategy that unavoidably inflates
accuracies of predicting pain. We reiterate
that while performing machine learning
using average brain responses is appro-
priate for encoding objectives, such as
identifying a condition-specific neural sig-
nature [10] (Objective 1 in our article), it is
incorrect for decoding an unknown vari-
able (Objective 2 in our article).

On a final note, regardless of the disagree-
ment with the criticisms of Zunhammer
Tre
et al., we find it more concerning that
our colleagues used counterarguments
such as ‘testing models on a by-condition
basis is common practice across many
types of neuroimaging data, including
seminal works on fMRI pattern recogni-
tion’. Just because a method is widely
used is not an argument for its validity.
Uncritical acceptance of what is consid-
ered sound practice sets a dangerous
precedent that can steer entire fields off
course. Methodological scepticism is
especially relevant to neuroimaging: a

recent report showed that some proce-
dures considered common practice in
fMRI analysis are incorrect, undermining
the meaningfulness of a large number of
studies [11]. Using prior knowledge when
testing the prediction performance is just
one more example of an inappropriate
analytical method. As fellow scientists,
we understand the temptation to uncriti-
cally adopt the methods of other high-
profile studies, especially when doing so
may lead to similarly high-profile results,
but, in the end, it is ultimately a disservice
to the field. We agree with Zunhammer
et al. that machine learning is a promising
analytical approach in pain neuroscience
research, but emphasise that it cannot be
exempt from rigor.
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Spotlight
Where Are
Perceptual Decisions
Made in the Brain?
Bijan Pesaran1,* and
David J. Freedman2

Recently, Katz and colleagues report the
effects of silencing neurons in two brain
areas during a perceptual decision-making
task. In a landmark result, silencing neurons
in the visual cortex impaired performance
but silencing neurons whose activity corre-
lates to the decision had no effect.

Decision-making is the process by which
sensory input is transformed into percep-
tion and action. An elegant approach to
the puzzle of understanding the neuronal
mechanisms underlying perceptual deci-
sions was pioneered by Newsome, Mov-
shon and colleagues using a now widely-
studied paradigm, which we refer to as the
noisy motion perceptual decision task
(Figure 1). In their original studies, News-
ome and colleagues recorded from neu-
rons in visual area MT that selectively
respond to visual motion while monkeys
indicated their perception of stimulus
motion via a saccadic eye movement.
Their results revealed that individual MT
neurons’ activity correlated with subject's
decisions about motion direction
(Figure 1A). This was true even when
the stimulus was entirely noise and the
monkeys were forced to make guesses
about the direction of motion [1]

A critical question raised by these experi-
ments was how, then, is this motion
642 Trends in Neurosciences, October 2016, Vol. 39, No. 1
information read out from MT neurons
to guide the eye movement choices?
Shadlen, Newsome and colleagues rea-
soned that a likely candidate was area
LIP, to which MT neurons project and
which is known to be involved in planning
saccadic eye movements. Since LIP
neurons were known to be involved in
saccade planning, rather than placing
the motion stimulus in the neuron's
response field (RF; as was done in the
MT experiments), an alternative configu-
ration was used in which one of the sac-
cade targets, again, instead of the
motion stimulus, was placed in a neu-
ron's RF (Figure 1B). Neuronal record-
ings revealed that, unlike MT neurons,

Fixate M

LIP RF

MT RF

(A)

(B)

Figure 1. Noisy Motion Perceptual Discriminatio
stimulus in which a field of dots appears to move either
stimulus motion with a saccadic eye movement—typic
rightward motion, respectively. The amount of ‘noise’ in
appear to move in the same direction. The visual motion
over time and across the field of dots. As expected, mo
In the MT configuration the noisy motion stimulus is pla
study and the saccade targets elsewhere. (B) In the LIP 

RF of the LIP neurons under study, the other saccade 

noisy motion stimulus is placed centrally.
0

LIP neurons’ activity was correlated with
both the monkeys’ trial-by-trial choices
and reaction times [2,3]. Computational
modeling suggested the animals’ per-
ceptual decision was made by the grad-
ual accumulation of motion information in
area LIP, offering a seductive view into
otherwise private deliberations [3].

Given the weight of this evidence, and
other work showing that silencing LIP neu-
rons biases monkeys’ eye movement
choices [4], we might expect that silencing
LIP neurons during the noisy motion task
also alters perceptual decisions. However,
until recently, studies aiming to silence LIP
neurons during performance of this task,

o�on Saccade

 Task. Monkeys are presented with a visual motion
left or right; the monkeys have to report the direction of
lly with a leftward or rightward saccade for leftward or
he stimulus is controlled by altering how much the dots
percept is generated by integrating the motion stimulus
keys’ decisions are less accurate for noisier stimuli. (A)
ed in the response field (RF) of the MT neurons under
onfiguration one of the saccade targets is placed in the
arget is placed in the opposite visual hemifield and the
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