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Abstract

■ In auditory–visual sensory substitution, visual information
(e.g., shape) can be extracted through strictly auditory input
(e.g., soundscapes). Previous studies have shown that image-to-
sound conversions that follow simple rules [such as the Meijer
algorithm; Meijer, P. B. L. An experimental system for auditory
image representation. Transactions on Biomedical Engineering,
39, 111–121, 1992] are highly intuitive and rapidly learned by both
blind and sighted individuals. A number of recent fMRI studies
have begun to explore the neuroplastic changes that result from
sensory substitution training. However, the time course of cross-
sensory information transfer in sensory substitution is largely
unexplored and may offer insights into the underlying neural
mechanisms. In this study, we recorded ERPs to soundscapes
before and after sighted participants were trained with the Meijer

algorithm. We compared these posttraining versus pretraining
ERP differences with those of a control group who received the
same set of 80 auditory/visual stimuli but with arbitrary pairings
during training. Our behavioral results confirmed the rapid ac-
quisition of cross-sensory mappings, and the group trained with
the Meijer algorithm was able to generalize their learning to novel
soundscapes at impressive levels of accuracy. The ERP results re-
vealed an early cross-sensory learning effect (150–210 msec) that
was significantly enhanced in the algorithm-trained group com-
pared with the control group as well as a later difference (420–
480 msec) that was unique to the algorithm-trained group. These
ERP modulations are consistent with previous fMRI results and
provide additional insight into the time course of cross-sensory
information transfer in sensory substitution. ■

INTRODUCTION

Sensory substitution occurs when an individual uses one
sensory modality to acquire information typically ob-
tained by a different sensory modality. One of the first
demonstrations of this phenomenon was in 1969, when
Bach-y-Rita and colleagues found that blind individuals
were able to access visual information via devices that
converted images into tactile sensations delivered to the
back (Bach-y-Rita, Collins, Sunders, White, & Scadden,
1969; see also Bach-y-Rita, Kaczmarek, Tyler, & Garcia-
Lara, 1998). Sensory substitution has generated a large
amount of interest because of its clinical applications,
resulting in the development of various sensory sub-
stitution devices (SSDs). One such device, known as
“The vOICe,” translates visual information into auditory
“soundscapes” using a set of image-to-sound conversion
rules (Meijer, 1992). In addition to clinical benefits, SSDs
have opened new avenues for basic research aimed at
identifying the mechanisms that support behavioral and
neuroplastic changes associated with cross-modal per-
ceptual learning.

A number of behavioral studies have demonstrated
that both blind and sighted participants can perform

high-level visual tasks with strictly auditory input using
visual-to-auditory SSDs. For example, trained participants
have been successful in discriminating object categories
(Cronly-Dillon, Persaud, & Gregory, 1999) as well as indi-
vidual visual features, such as orientation, size, shape,
texture, and relative spatial location (Bermejo, Di Paolo,
Hug, & Arias, 2015; Levy-Tzedek, Hanassy, Abboud,
Maidenbaum, & Amedi, 2012; Striem-Amit, Guendelman,
& Amedi, 2012; Kim & Zatorre, 2008; Arno et al., 2001;
Sampaio, Maris, & Bach-y-Rita, 2001; Arno, Capelle,
Wanet-Defalque, Catalan-Ahumada, & Veraart, 1999).
Importantly, participants in these studies were able to
identify the shapes conveyed by novel soundscapes,
ones that had never been presented during training. This
successful transfer from trained to novel stimuli demon-
strates a generalizable form of perceptual learning based
on the image-to-sound conversion rules of the SSD, rather
than simple memorization of the auditory–visual stimulus
pairs.
The behavioral evidence for successful sensory substi-

tution has led to subsequent fMRI studies investigating
the neural mechanisms underlying this phenomenon
(Hertz & Amedi, 2015; Campus et al., 2012; Striem-Amit
et al., 2012; Kim & Zatorre, 2011; Ortiz et al., 2011; Amedi
et al., 2007; Collignon, Lassonde, Lepore, Bastien, & Veraart,
2006; Amedi, Malach, & Pascual-Leone, 2005). For1Reed College, 2University of California, Davis
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example, Amedi et al. (2005, 2007) found that individuals
given auditory–visual sensory substitution training show a
greater BOLD signal in the lateral occipital complex (LOC)
posttraining. This region was previously thought to be
strictly involved in visual processing of shape information
(Amedi, Malach, Hendler, Peled, & Zohary, 2001; Grill-
Spector, Kourtzi, & Kanwisher, 2001; Grill-Spector,
Kushnir, Edelman, Itzchak, & Malach, 1998), but it has
since been implicated in shape perception independent
of sensory modality (Bubic, Striem-Amit, & Amedi, 2010;
Amedi et al., 2005, 2007; Peltier et al., 2007; Pietrini et al.,
2004). A later study found that sensory substitution train-
ing may not necessarily enhance LOC activity posttraining
but rather increase functional connectivity between
regions of auditory cortex and the LOC (Kim & Zatorre,
2011). This recruitment of nonauditory brain regions as
a result of sensory substitution also seems to reach
beyond the LOC, including regions within the left pre-
central sulcus, the right occipito-parietal sulcus, and, to a
lesser extent, the right posterior medial occipital cortex
(Striem-Amit et al., 2011). Overall, these studies suggest
fairly rapid neuroplastic changes due to sensory substi-
tution training.
Although these fMRI studies have demonstrated which

regions may be involved in this type of cross-sensory
learning, they have not yet been able to elucidate the tim-
ing of neural events that support information transfer
during sensory substitution. Measuring the time course
of the neural processes involved in sensory substitution
may help address a number of basic questions. For exam-
ple, one question commonly raised is whether substitu-
tion occurs at an early stage of stimulus processing once
individuals are trained. Temporal information derived
from ERPs could complement the spatial information
found by fMRI research, providing a more complete pic-
ture of this unique phenomenon.
A critical challenge for properly addressing such ques-

tions is to ensure that the measured brain activity is in-
deed specific to sensory substitution and does not
reflect a more generic form of cross-sensory activation
or associative learning. Cross-modal activation in the
visual and auditory cortex can be elicited by various par-
adigms that are independent of sensory substitution
(Murray et al., 2016; Feng, Störmer, Martinez, McDonald,
& Hillyard, 2014; Grahn, Henry, & McAuley, 2011; Bueti
& Macaluso, 2010; Driver & Noesselt, 2007). Indeed, pre-
vious studies have noted the inherent difficulty in creat-
ing a well-matched control condition, which includes all
aspects of the training, including generic cross-sensory
activity, but without genuine sensory substitution (Hertz
& Amedi, 2015; Campus et al., 2012; Striem-Amit et al.,
2012; Kim & Zatorre, 2011; Ortiz et al., 2011; Amedi
et al., 2005, 2007; Collignon et al., 2006). To isolate neu-
ral events specific to sensory substitution, it is imperative
to compare an experimental group trained with SSDs
with a control group that can achieve comparable recog-
nition performance on learned pairs of stimuli (but with-

out SSD training), while keeping exposure to stimuli,
tasks, and cognitive effort as equivalent as possible.

In this study, we utilized the ERP technique to shed
light on the timing of events during auditory–visual sen-
sory substitution. We first recorded ERPs elicited by audi-
tory soundscapes translated from complex visual shapes
using “the vOICe” SSD, in naive sighted individuals (pre-
training). Half of the participants (hereafter referred to as
the “algorithm-trained group”) were then trained to use
the SSD, such that they could successfully match sound-
scapes with their corresponding shapes. To isolate the
effects of sensory substitution, the remaining half of par-
ticipants (the control group) were given the same proce-
dure, with the same stimuli, except that they were
trained to memorize randomized shape–soundscape pairs.
After training, ERPs elicited by the same soundscapes were
recorded again in both groups. We predicted that the
algorithm-trained group would exhibit ERP differences
(posttraining vs. pre-training) that were larger or unique
compared with the control group, potentially revealing
the time course of substitution-specific neural activity.

EXPERIMENT 1

Methods

Participants

The participants included 36 college students (23 women),
aged 19–24 (mean age = 21) years, with normal hearing
and normal or corrected-to-normal vision. The participants
were split randomly into the algorithm-trained group and
the control group. The data of five participants (one
algorithm-trained and four control participants) were
removed from subsequent analyses, because of greater
than 30% of trials per participant being excluded during
EEG artifact rejection. The remaining participants included
16 in the algorithm-trained group and 15 in the control
group. Each participant attended three sessions, one per
day for 3 consecutive days, with each session lasting
approximately 2 hr.

Participants were paid $10 for the first session, $20 for
the second session, and $30 for the final session. All pro-
cedures were approved by the Reed College institutional
review board. Written informed consent was obtained from
each participant before the first session of the experiment.

Stimuli

The visual stimuli consisted of 160 complex shapes created
from an “alphabet” of 13 basic shapes (see Figure 1 for
examples). Shapes were presented as white outlines on a
black background. All images were cropped to 215 ×
215 pixel squares, with the shapes touching both the right
and left edges of the image. All images subtended a
viewing angle of 2.4° × 2.4° and were presented using the
Presentation software package (Neurobehavioral Systems,
Inc., Albany, CA) on a Dell SA2311W monitor with a frame
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rate of 60 Hz. Participants maintained their gaze on a
small (0.07°) white centrally located fixation dot that was
visible throughout each trial.

Auditory soundscapes were translated from the 160
visual stimuli using Version 1.93 of the vOICe Learning
Edition software for Windows. The vOICe creates sound
clips out of images using the Meijer algorithm (Meijer,
1992), which transcribes the vertical axis as pitch (such
that higher tones correspond to a higher position in
the image) and the horizontal axis as time (such that
the beginning of the sound corresponds to the left side
of the image and pans from left to right). The Meijer
algorithm also translates brightness to loudness, but in
the present experiment, brightness was held constant.
All soundscapes lasted 500 msec and were presented
through Philips SHS4700 earclip headphones. Sound-
scape stimuli had an average loudness of 65.4 dB, with
a range between 59 and 68 dB. Pitch range for these stim-

uli was held at the default levels of the vOICe learning
edition, with the lowest possible frequency of 500 Hz
and the highest possible frequency of 5000 Hz.
For the algorithm-trained group, each visual stimulus

was paired with its corresponding soundscape created
via the Meijer conversion algorithm (Meijer, 1992). For
the control group, the same visual stimuli were paired
with the same set of auditory soundscapes, but the pair-
ings were made randomly (i.e., For this group, each visual
stimulus was randomly paired with the soundscape created
from another visual stimulus, such that the rules of the
Meijer algorithm did not apply to these pairings).

Procedure (Day 1: Pretraining Session with EEG)

In the pretraining session, participants performed a sim-
ple matching task on 80 of the sound–shape pairs while
their EEG was recorded (Figure 2). In this task (hereafter

Figure 2. Example trial sequence for the triad task used in the pretraining and posttraining sessions.

Figure 1. Examples of the
visual stimuli used and
translated into soundscapes.
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referred to as the “triad task”), three consecutive stimuli
were presented for 500 msec each, separated by a blank/
silent ISI of variable duration (400–600 msec). The first
stimulus was always a soundscape, the second was
always a visual shape, and the third could be either a
soundscape (50%) or a visual shape (50%). The third
stimulus was identical to either the first (16.7%) or the
second (16.7%) or neither (66.7%). After the third stimu-
lus in each triad, participants were given a 2000-msec
response window to make a two-alternative forced choice
(2-AFC) indicating whether there were any matches or
not, that is, whether any two of the three stimuli were
identical. Participants used their right index and middle
fingers to indicate match and no-match trials, respec-
tively. After each response (or if no response was made
within the 2000-msec response window), the next trial
began after a variable interval of 900–1100 msec.
Before EEG recording began, participants completed

36 practice trials with soundscapes/shapes that were
not part of the main study. The EEG session consisted
of 640 total trials, delivered in 10 blocks of 64 trials with
a short break after each block. Each block lasted ap-
proximately 4 min. A longer break was provided at the
halfway point (after five blocks). Each of the 80 sound-
scapes and visual shapes was presented eight times in
the first and second stimulus positions, respectively,
and four times in the third stimulus position. The same
set of 80 soundscapes and visual shapes was presented to
each participant, but the order was randomized across
participants. Unbeknownst to the participants and irrele-
vant to the task in Session 1, on 33.3% of the trials, the sec-
ond stimulus (visual shape) corresponded to the first
stimulus (soundscape) in terms of the Meijer algorithm.
The third stimulus (soundscape or shape) never matched
the first or second cross-modally (via the Meijer algorithm).

Procedure (Day 2: Training Session, No EEG)

In the “training” session, participants performed three
different training tasks (EEG was not recorded during this
session). The algorithm-trained group was informed of
the rules that govern the Meijer image-to-sound conver-
sion algorithm and was trained on pairs of soundscapes
and visual shapes that followed these rules. The control
group was trained on pairs of stimuli that did not follow
the rules of the Meijer algorithm and was informed that
the pairs were randomly created. The algorithm-trained
group was instructed to use the training tasks to learn to
“translate” the sounds into images, and the control group
was instructed to try to memorize all of the sound–image
pairs as best as possible. Both groups performed the
same three training tasks. The first was a passive exposure
task that presented each of the 80 sound–image pairs
simultaneously (in a random order), with each pair being
presented three times. The second training was a five-
alternative forced choice (5-AFC) task in which a sound-
scape was presented first, followed by five different visual

shapes presented simultaneously. Participants were asked
to select, from the five choices, the correct image asso-
ciated with the soundscape. Each of the 80 soundscapes
was presented four times during the 5-AFC training task.
The third training was a 2-AFC matching task in which a
soundscape was followed by a visual shape, and partici-
pants were asked to determine if they were correctly paired
or not. On both the 5-AFC task and the 2-AFC matching
task, participants were given feedback after each trial indi-
cating whether they had responded correctly or not.

At the end of Session 2, after completing the three
training tasks, participants’ learning was assessed via a
transfer test (Figure 3). This transfer test involved a 2-AFC
matching task identical to the third training task except
that no feedback was provided, and 80 untrained sound–
image pairs (stimuli that had not been presented during
the training) were mixed in with the 80 trained pairs. The
purpose of this test was to assess the extent of generalized
perceptual learning in the algorithm-trained group, that
is, to test whether these participants were able to learn
the rules of the algorithm such that they could extract
shape information from novel soundscape stimuli.

Procedure (Day 3: Posttraining Session with EEG)

In the posttraining session, EEG was recorded while par-
ticipants performed the same triad task as they did in the
pretraining session (Figure 2), except for one change in
the instructions. In the posttraining session, participants
were asked to indicate whether or not any two of the
three stimuli “matched,” including the first (soundscape)
and second (visual shape) stimuli. That is, they were in-
structed to indicate not only unimodal matches (as in
Session 1) but also any cross-modal matches (based on
their training in Session 2). The stimuli were identical
to those presented in the pretraining session, but the

Figure 3. Two-AFC matching task used as the third training task as
well as the transfer test.
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order was randomized in both sessions. Six hundred forty
trials were presented, and each trial included a unimodal
match (33.3%), a cross-modal match (33.3%), or no match
(33.3%).

EEG/ERP Methods

EEG scalp voltages were recorded using a 96-channel
electrode cap with equidistant electrode placements
(EasyCap, Herrsching, Germany). Signals were amplified
via 3 × 32-channel BrainAmp Standard amplifiers (Brain
Products, Gilching, Germany), online filtered (150-Hz
low-pass filter, 0.1-Hz high-pass filter), and digitized at
500 Hz. A 35-Hz low-pass filter (roll-off: 24 dB/oct) was
subsequently applied offline. During data collection, all
channels were referenced to CPz and were rereferenced
to the average of all 92 scalp channels offline. Eye blinks
and eye movements were monitored via a vertical EOG
channel with an electrode positioned under the left eye
and left and right horizontal EOG channels (rereferenced
to each other offline to form a bipolar pair) with one elec-
trode positioned lateral to each eye. All sensors were indi-
vidually adjusted until the impedance was less than 5 kΩ.

Pretraining and posttraining ERPs were time-locked
to the onset of the first stimulus (soundscape) of each
triad. Trials with eye movement, blink, or muscle artifacts
within a time window of −100 to 800 msec (relative to
the soundscape onset) were detected and rejected semi-
automatically by a combination of computer-based peak-
to-peak amplitude thresholds and visual inspection. On
average, 18.9% of the 600 trials were rejected because
of excessive artifacts (19.2% in the algorithm-trained group,
18.5% in the control group). If more than 30% of trials of
a given participant were rejected, that participant’s data
were excluded from further analysis. Pretraining and post-

training ERPs elicited by the soundscapes in each group
were averaged and baseline corrected from−100 to 0msec
before soundscape onset.

Results

Behavioral Results (Transfer Test)

The transfer test, completed directly after training (Ses-
sion 2), consisted of a 2-AFC task in which participants
had to determine whether a soundscape–shape pair cor-
rectly matched based on their training. This test included
50% trained stimuli and 50% untrained (novel) stimuli.
Transfer test accuracy (Figure 4A) was evaluated using a
mixed-model ANOVA assessing the within-participant
factor Stimulus type (trained vs. untrained) and the
between-participant factor Group (algorithm-trained vs.
control). This ANOVA revealed main effects of Group, F(1,
29) = 76.8, p < .0001, η2 = .49, and Stimulus type, F(1,
29) = 57.5, p < .0001, η2 = .26, as well as an interaction
between Group and Stimulus type, F(1, 29) = 6.34, p =
.02, η2 = .32. In the algorithm-trained group, follow-up
dependent means t tests revealed that accuracy was
higher for trained stimuli (M = 80.4%, SEM = 2.01%) than
for untrained stimuli (M = 71.7%, SEM = 1.44%), t(15) =
4.89, p = .0002, Cohen’s d = 1.20. In the control group,
not surprisingly, accuracy was also found to be higher for
trained stimuli (M = 66.7%, SEM = 2.78%) than for
untrained stimuli (M = 49.3%, SEM = 0.82%), t(14) =
5.78, p< .0001, Cohen’s d= 2.92. Follow-up independent
means t tests revealed that accuracy was significantly
higher in the algorithm-trained group than the control
group for trained stimuli, t(29)=−4.03, p= .0004, Cohen’s
d = 1.70, and untrained stimuli, t(29) = −13.2, p < .0001,
Cohen’sd=4.67. Unidirectional t testswere also carried out
to determine whether accuracy was above chance for each

Figure 4. Experiment 1 behavioral results. (A) Average percent correct on the 2-AFC transfer test completed immediately after training on both
trained (light gray) and untrained (dark gray) soundscapes for each group. (B) Average cross-modal accuracy in the triad task completed during the
posttraining EEG recording session. Error bars denote standard deviation; chance performance for both tasks is 50% (indicated with dotted lines).
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group and stimulus type separately. These tests confirmed
that, as expected, accuracy in the control group was signifi-
cantly above chance for trained stimuli, t(14) = 6.02, p <
.0001, but not for untrained stimuli, t(14) = −0.08, p =
.42. Importantly, accuracy in the algorithm-trained group
was significantly above chance for both trained, t(15) =
15.1, p < .0001, and untrained (novel), t(15) = 15.0, p <
.0001, stimuli.
Considering trials in which the auditory and visual

stimulus matched as “target present” and those that mis-
matched as “target absent,” a mixed-model ANOVA with
the within-participant factor Stimulus type (trained vs.
untrained) and the between-participant factor Group
(algorithm-trained vs. control) was used to test for dif-
ferences in sensitivity (d0). This ANOVA revealed main ef-
fects of Group, F(1, 29) = 50.51, p < .0001, η2 = .55, and
Stimulus type, F(1, 29) = 18.22, p= .0002, η2 = .39, as well
as a borderline significant interaction between Group and
Stimulus type, F(1, 29)= 3.99, p= .0553, η2= .12. Follow-up
independent means t tests revealed significant differences
in d0 between the algorithm-trained group (trained stimuli:
d0 = 1.58, SEM= 0.17; untrained stimuli: d0 = 1.22, SEM=
0.09) and the control group (trained stimuli:d0=0.95, SEM=
0.14; untrained stimuli: d0 =−0.03, SEM= 0.17), for trained
stimuli, t(29) = 2.90, p = .007, Cohen’s d = 1.04, and for
untrained stimuli, t(29) = 6.51, p < .0001, Cohen’s d =
2.32. Dependent means t tests found that d0 for trained
stimuli was significantly higher than for untrained stimuli
in both the algorithm-trained group, t(15) = 2.37, p = .03,
Cohen’s d= 0.76, and the control group, t(14) = 3.50, p=
.0035, Cohen’s d = 1.49.
RTs for the algorithm-trained group (trained stimuli:M=

555msec, SEM=39msec; untrained stimuli:M=622msec,
SEM=53msec) and the control group (trained stimuli:M=
517msec, SEM=29msec; untrained stimuli:M=519msec,
SEM = 36 msec) were also evaluated using a mixed-model
ANOVA assessing the within-participant factor Stimulus
type (trained vs. untrained) and the between-participant
factor Group (algorithm-trained vs. control). This ANOVA
revealed no significant main effects of Group, F(1, 29) =
1.73, p = .1989, η2 = .29, or Stimulus type, F(1, 29) =
2.78, p = .1060, η2 = .09, as well as no significant inter-
action, F(1, 29) = 2.52, p = .1236, η2 = .08.

Behavioral Results (Triad Task)

The triad task was performed during the pretraining and
posttraining sessions while EEG was being recorded. This
2-AFC task required participants to determine if any two
of the three stimuli matched (within- or across-modality).
A ceiling effect was observedwith regard to unimodalmatch
accuracy, with near-perfect accuracy in the algorithm-
trained group pretraining (M = 97.8%, SEM = 0.45%) and
posttraining (M= 94.2%, SEM= 1.00%) and the same with
the control group pretraining (M = 97.8%, SEM = 0.47%)
and posttraining (M = 97.6%, SEM = 0.37). Because cross-
modal matches were irrelevant in the pretraining session

and both groups therefore performed at chance, we car-
ried out two types of statistical tests on cross-modal accu-
racies only in the posttraining session (Figure 4B). First,
unidirectional t tests for each group separately confirmed
that cross-modal performance was above chance in the
posttraining session for the algorithm-trained group (M =
74.6%, SEM = 1.76%), t(15) = 14.0, p < .0001, and for the
control group (M=65.9%, SEM=2.43%), t(14)= 6.56, p<
.0001. Second, between participants, independent t tests
indicated enhanced cross-modal accuracy in the algorithm-
trained group compared with the control group, t(29) =
−2.94, p = .006, Cohen’s d = 1.05. Note that RT analyses
were not carried out on the triad task data, as the nature
of this task (delayed response) does not allow for mean-
ingful interpretation of these measures.

ERP Results

The main goal of our ERP analyses was to assess the time
course of any neural changes that might have occurred
because of sensory substitution training. To test this,
we focused first on posttraining versus pretraining con-
trasts between ERPs elicited by the auditory soundscape
stimuli (the first stimulus in each triad) in the algorithm-
trained group and the control group separately (Figure 5).
This contrast ensures that any observed ERP differences
are most likely due to the intervening training, as the pre-
training and posttraining ERPs were elicited by physically
identical stimuli. We then compared the magnitude of
any training-based ERP effect between the two groups.

The ERPs from pretraining and posttraining sessions
were submitted to a conservative mass univariate analysis
(MUA; carried out using ERP Toolbox; Groppe, Urbach,
& Kutas, 2011), which was used in lieu of more conven-
tional mean amplitude ANOVAs because we did not have
a priori hypotheses for specific time windows and
electrode locations for the ERP differences related to
cross-modal perceptual learning. This analysis involved
repeated-measures, two-tailed t tests at all time points be-
tween 0 and 600 msec (EEG was recorded at a 500-Hz
sampling rate) at all 92 scalp electrodes (i.e., 27,600 total
comparisons). The Benjamini and Yekutieli (2001) proce-
dure for control of false discovery rate (FDR) was applied
to assess the significance of each test using an FDR level
of 5%. This ensures that the actual FDR (the mean propor-
tion of significant test results that are actually false discov-
eries) will be less than or equal to the nominal FDR level
of 5% regardless of the dependency structure of multiple
comparisons.

In the algorithm-trained group, this analysis revealed
two significant spatio-temporal clusters of posttraining
minus pretraining ERP differences (FDR-corrected p <
.05): an early difference from 150 to 210 msec poststimulus
and a later difference from 420 to 480 msec poststimulus
(Figure 6). In contrast, the MUA revealed no significant
posttraining versus pretraining differences in the control
group. The first effect (150–210 msec) was characterized
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Figure 5. Experiment 1 ERP results. Grand-averaged ERPs time-locked to soundscape onset before (black) and after (red) training in the algorithm-
trained group (left; N = 16) and the control group (right; N = 15). Difference maps (bottom row) display the mean amplitude difference (posttraining
minus pretraining) over the two significant time windows identified by the MUA (150–210 and 420–480 msec).

Figure 6. Experiment 1 ERP statistics. MUA of difference waves (posttraining minus pretraining ERPs) in the algorithm-trained group (left) and
the control group (right). Significant differences appear as colored squares in the raster plots. Analysis was carried out at each time point from 0 to
600 msec poststimulus at all 92 scalp electrode sites. FDR analysis was used to correct for multiple comparisons (Groppe et al., 2011). For ease of
viewing, this figure displays 68 of the 92 electrode sites included in the analysis, but note that all electrode sites showing a significant difference at
any time point are included here.
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by an enhanced negative-going wave around the time
of the posterior N1 peak, along with a positive focus over
anterior scalp regions. The second ERP difference (420–
480 msec) was less spatially focused but showed the
same general pattern of a posterior negative-going wave
accompanied by an anterior–central positive wave. Scalp
topography maps of these two ERP differences are pro-
vided in the bottom of Figure 5.

Source Localization Results

A post hoc source localization analysis was performed to
estimate possible sources of the ERP differences. Differ-
ence waves were calculated by subtracting the pretrain-
ing ERPs from the posttraining ERPs in each group. The
low-resolution electromagnetic tomography method
(Michel et al., 2004; Pascual-Marqui, Michel, & Lehmann,
1994) was applied to the resulting difference waves to
localize possible cortical sources of the differential activ-
ity during the two time windows of interest (150–210 and
420–480 msec). Because we did not have a strong a priori
hypothesis about the location of possible sources, we
estimated activity levels of 42 ROIs across the whole
brain, corresponding to the 42 Brodmann’s areas (BAs).
Permutation analyses were used to find ROIs with signif-
icantly above-zero activation (FDR level of 5%). Any ROIs
that were found to be significant in both the algorithm-
trained group and the control group are likely to reflect
general changes due to training of sound–image pairing
rather than changes specific to sensory substitution and
thus were not analyzed further.
During the first time window of analysis (150–210msec),

four ROIs located in the inferior temporal lobe and infe-
rior occipital lobe (BAs 37 and 42–44) showed significant
activation in the algorithm-trained group, but not in the

control group (see Figure 7). No significant ROIs specific
to the control group were evident anywhere in the brain.
During the second timewindow of analysis (420–480msec),
four ROIs, located in the temporal lobe and inferior occip-
ital lobe (BAs 20, 36, 37, and 42), were found to have sig-
nificant (FDR<5%) activation in the algorithm-trained group,
but not in the control group. Again, no ROIs were found
to show significant activation in the control group alone.

Discussion

The behavioral results suggested that training with the
Meijer algorithm (for less than 2 hr in total) enabled
auditory–visual sensory substitution. Not only did the
algorithm-trained group perform better than the control
group on the 80 stimuli they were trained on, but the
algorithm-trained group was also able to successfully
generalize their learning to 80 untrained stimuli. These
results support previous findings that sensory substitu-
tion via the Meijer algorithm requires very little training
to achieve a high level of accuracy (Kim & Zatorre, 2008).

The control group was able to perform above chance
on the trained stimuli, with no apparent detriment to
RTs, despite the fact that they had to memorize 80 arbi-
trary auditory–visual stimulus pairings. Note that this
type of control group is considered to be ideal (in theory),
but the task of memorizing random stimulus pairs was
previously thought (in practice) to be too difficult for
participants. Here, we demonstrate that having control
participants rely solely on memory is a viable method
for between-group comparisons in sensory substitution
experiments.

Analysis of the auditory ERPs elicited by the sound-
scapes revealed two effects associated with training.
The first was an early difference (posttraining minus

Figure 7. Source localization results showing significant ROIs at the 5% FDR level during (A) the first ERP effect (150–210 msec) and (B) the second
ERP effect (420–480 msec) of Experiment 1. All ROIs shown were significant for the algorithm-trained group only. No control-group-specific
significant ROIs were found.
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pretraining) from 150 to 210 msec after soundscape on-
set. Although the neuroanatomical sources of this differ-
ential brain activity are difficult to estimate with ERPs
alone, this negative-going wave over posterior scalp re-
gions is consistent with generators in ventral visual corti-
cal regions, perhaps reflecting visual cortex activation in
response to the soundscape stimuli. On the basis of the
results of our statistical analysis, it appeared that this early
effect was absent in the control group. However, visual
inspection of the ERPs and difference maps suggested
that, although smaller, this early effect may also have been
present in the control group (see Figure 5) but failed to
reach the criteria for statistical significance using the con-
servative exploratory FDR-corrected analysis (Figure 6). A
source localization analysis suggested that the changes in
neural activity associated with sensory substitution training
may have originated in the inferior temporal lobe and infe-
rior occipital lobe, although these estimates should be in-
terpreted with caution given the known limitations of such
analyses.

The second training effect observed in the auditory
ERPs was a difference at anterior and central electrode
sites from 420 to 480 msec after soundscape onset. The
timing of this effect would typically be considered “late”
in terms of auditory sensory processing, but it is im-
portant to keep in mind that the soundscapes required
500 msec to sweep across the entire shape images. Again,
our analysis revealed this effect to be present only in the
algorithm-trained group, making it a possible candidate
for a sensory substitution training effect. Our source
localization analysis identified the medial/inferior tempo-
ral cortex and inferior occipital cortex as possible sources
of this effect, which are broadly consistent with previous
fMRI results (Kim & Zatorre, 2011; Amedi et al., 2007).

Despite these informative patterns in our ERP results,
it is important to note the minor change in task between
the posttraining and pretraining sessions. In the pretrain-
ing session, only unimodal matches were task relevant,
whereas in the posttraining session, both unimodal and
cross-modal matches were task relevant. Thus, it could
be the case that the posttraining-versus-pretraining ERP
effects index task-based attentional differences rather
than processes specifically related to sensory substitution.

To test this possibility and replicate our initial find-
ings, we carried out a second experiment with 36 new
participants. In Experiment 2, we controlled for possible
task-based differences by making the pretraining and
posttraining tasks identical. That is, in both ERP sessions,
participants were only asked to identify unimodal matches,
whereas cross-modal matches remained task irrelevant.
This change in the posttraining task also allowed us to
assess whether the effects of sensory substitution train-
ing are evident even when the cross-modal information
is irrelevant to the task. In addition, we sought to check
whether our conservative FDR corrections and explor-
atory MUA may have missed any small (but genuine)
differences in the control group’s posttraining versus

pretraining ERPs. Therefore, we increased our statistical
power in Experiment 2 by restricting our analyses to the
time windows identified as significant in Experiment 1.
We also employed the more sensitive cluster permutation
approach in our MUA instead of the exploratory FDR
correction used in Experiment 1 (Groppe et al., 2011).
Thus, our main goals in Experiment 2 were to deter-

mine if we could replicate the findings of Experiment 1,
assess whether the marginal (nonsignificant) ERP differ-
ences observed in the control group were genuine, and
test whether the effects of sensory substitution training
can be observed when the cross-modal information is
irrelevant to the task.

EXPERIMENT 2

Methods

The design of Experiment 2 was nearly identical to that
of Experiment 1. The participants included 36 college stu-
dents (19 women), aged 19–24 (mean age = 20) years,
with normal hearing and normal or corrected-to-normal
vision. Again, the participants were split randomly into
algorithm-trained and control groups. The data of four
participants (two algorithm-trained and two control par-
ticipants) were excluded from further analysis because
greater than 30% of trials per individual were removed
during artifact rejection. The remaining participants in-
cluded 16 in the algorithm-trained group and 16 in the
control group. On average, 17.4% of the trials were re-
moved during artifact rejection in the algorithm-trained
group, and 18.0% of the trials were removed from the
control participants. The same stimuli were used; how-
ever, the randomized sound–image pairings for the
control group in Experiment 1 were rerandomized for
Experiment 2.
Two changes were made to the procedure. In both the

pretraining and posttraining sessions, participants were
tasked with identifying unimodal matches only. In short,
the sound–image pairings from the intervening training
were task irrelevant in both EEG sessions. In addition,
half of the 80 auditory and visual stimuli presented in
the posttraining session were untrained, meaning that
participants had only been exposed to them in the pre-
training session but not in the training session; that is,
participants were trained on 40 stimuli but presented
80 stimuli in the EEG sessions (40 trained, 40 untrained).
During the transfer test of Experiment 2, participants
were tested on the 40 trained stimuli as well as on a sepa-
rate set of 40 untrained stimuli that were not used in
either the pretraining or posttraining sessions.

Results

Behavioral Results (Transfer Test)

Just as in Experiment 1, participants in Experiment 2
completed a transfer test immediately after the three-part
training (Figure 8). A mixed-model ANOVA assessing
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the within-participant factor Stimulus type (trained vs.
untrained) and the between-participant factor Group
(algorithm-trained vs. control) revealed main effects of
Group, F(1, 30) = 43.2, p < .0001, η2 = .20, and Stimulus
type, F(1, 30) = 139.5, p < .0001, η2 = .47, as well as an
interaction between Group and Stimulus type, F(1, 30) =
20.3, p = .0001, η2 = .09.
In the algorithm-trained group, follow-up dependent

means t tests revealed that accuracy was higher for trained
stimuli (M = 76.8%, SEM = 1.91%) than for untrained
stimuli (M = 67.3%, SEM = 1.34%), t(15) = 5.78, p <
.0001, Cohen’s d= 1.44. In the control group, accuracy was
also higher for trained stimuli (M = 72.0%, SEM = 1.47%)
than for untrained stimuli (M = 50.8%, SEM = 0.99%),
t(15) = 10.5, p < .0001, Cohen’s d = 4.37. Follow-up
independent means t tests revealed that accuracy was
higher in the algorithm-trained group than the control
group for untrained stimuli, t(30) = −9.88, p < .0001,
Cohen’s d= 3.54, andmarginally higher for trained stimuli,
t(30) = −1.98, p = .057, Cohen’s d = 0.71. As in Experi-
ment 1, we also carried out unidirectional t tests against
chance. Accuracy in the algorithm-trained group was sig-
nificantly above chance for both trained, t(15) = 14.0,
p < .0001, and untrained stimuli, t(15) = 12.9, p <
.0001. Accuracy in the control group was significantly
above chance for trained stimuli, t(15) = 15.0, p < .0001,
but not for untrained stimuli, t(15) = 0.83, p = .42.
Once again, a mixed-model ANOVA with the within-

participant factor Stimulus type (trained vs. untrained)
and the between-participant factor Group (algorithm-
trained vs. control) was used to test for differences in
sensitivity (d 0). This ANOVA revealed main effects of
Group, F(1, 30) = 23.78, p < .0001, η2 = .48, and Stim-
ulus type, F(1, 30) = 21.94, p= .0001, η2 = .42, as well as

a significant interaction between Group and Stimulus
type, F(1, 30) = 9.47, p = .0044, η2 = .24. Follow-up in-
dependent means t tests revealed no significant differ-
ence in d0 between the algorithm-trained group (d 0 =
1.45, SEM = 0.12) and the control group (d0 = 1.13,
SEM = 0.20) for trained stimuli, t(30) = 1.36, p = .185,
Cohen’s d = 0.48, but there was a significant difference
between the algorithm-trained group (d0 = 1.20, SEM =
0.17) and the control group (d0 = −0.08, SEM = 0.14) for
untrained stimuli, t(30) = 5.94, p < .0001, Cohen’s d =
2.10. Dependent means t tests found no significant differ-
ence in d0 between trained and untrained stimuli in the
algorithm-trained group, t(15) = 1.50, p = .156, Cohen’s
d = 0.43, but a significant difference in d0 for trained
versus untrained stimuli was observed in the control group,
t(15) = 4.6, p = .0003, Cohen’s d = 1.73.

Transfer test RTs for the algorithm-trained group (trained
stimuli: M = 495 msec, SEM= 33 msec; untrained stimuli:
M = 511 msec, SEM = 30 msec) and the control group
(trained stimuli: M = 553 msec, SEM = 28 msec; un-
trained stimuli: M = 483 msec, SEM = 37 msec) were
evaluated using a mixed-model ANOVA assessing the
within-participant factor Stimulus type (trained vs. un-
trained) and the between-participant factor Group
(algorithm-trained vs. control). This ANOVA revealed
no significant main effects of Group, F(1, 30) = 0.5, p =
.7009, η2 = .01, or Stimulus type, F(1, 30) = 1.26, p =
.2353, η2 = .04, as well as no significant interaction, F(1,
30) = 3.38, p = .0761, η2 = .07.

Behavioral Results (Triad Task)

Unlike in Experiment 1, participants in Experiment 2 were
only tasked with identifying unimodal matches during the
triad task in both the pretraining and posttraining sessions.
Unimodal accuracy on this task was at ceiling for the
algorithm-trained group pretraining (M = 98.1%, SEM =
0.15%) and posttraining (M= 98.2%, SEM= 0.16%) as well
as for the control group pretraining (M = 98.2%, SEM =
0.19%) and posttraining (M = 98.2%, SEM = 0.15%). RT
and signal detection analyses were not carried out on the
triad task data, as the nature of this task does not allow for
meaningful interpretation of these measures.

ERP Results

Auditory ERPs (Figure 9) elicited by the first stimulus
delivered in each trial of the triad task posttraining versus
pretraining were compared at two specific time windows:
130–230 and 400–500 msec. These time windows were
selected a priori based on the timing of the two effects
identified in Experiment 1 (150–210 and 420–480 msec;
with ±20 msec added to each window, as precise onsets/
offsets of these effects are difficult to estimate). Because
there were no observed differences between ERPs
elicited by trained versus untrained stimuli, we collapsed
across these stimuli for all subsequent analyses. The ERP

Figure 8. Experiment 2 behavioral results. Average percent correct
on the 2-AFC transfer test completed directly after training for both
groups and on both trained and untrained stimuli. Error bars denote
standard deviation; chance performance is 50% (indicated with the
dotted line).
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contrasts (posttraining vs. pretraining; within partici-
pants; identical stimuli, identical tasks) were analyzed
using a cluster permutation approach (ERP Toolbox;
Groppe et al., 2011). The results of this statistical analysis
are provided in Figure 9.

Analysis within the first time window revealed a sig-
nificant negative-going difference at posterior electrodes
along with a positive difference at anterior/central elec-
trodes, lasting from approximately 140 to 200 msec in both
groups (Figures 9 and 10). Similar to Experiment 1, the
low-resolution electromagnetic tomography method was
employed to estimate possible cortical sources of this dif-
ference. Source localization analyses (FDR < 5%) revealed
significant activation in the temporal lobe (BAs 20, 37, 42,
and 43) and the dorsal posterior cingulate cortex (BA 31)
that was specific to the algorithm-trained group (see
Figure 11).

Analysis within the second time window revealed a sig-
nificant positive difference at anterior–central electrode
sites between 410 and 490 msec for the algorithm-trained
group but not the control group. Source localization anal-
yses suggested that this difference in activity may origi-
nate from the perirhinal cortex (BA 36) and the primary
auditory cortex (BA 42). Significant activation was also
found in the primary gustatory cortex (BA 43), although
this is likely an artifact of its proximity to the auditory cor-
tex and the low spatial precision of source localization of
ERP signals. No significant sources specific to the control
group were evident.

To test whether the early difference observed in both
groups was larger in the algorithm-trained group com-
pared with the control group, mean difference wave
amplitudes across the relevant time window and elec-
trodes (identified by the MUA) were compared using a
one-way ANOVA. This early difference was evident in a
wider distribution of electrodes in the algorithm-trained
group compared with the control group (Figure 8). There-
fore, to avoid biasing this test in favor of a significant dif-
ference between groups, a one-way ANOVA was used to
compare the mean amplitude (150–210 msec) on pooled
channels using only the electrodes that were found to be
significantly different by the MUA in both groups during
this time window. As this difference presented as a posi-
tivity at anterior electrodes and a negativity at posterior
electrodes, themean amplitudes taken fromposterior elec-
trodes were sign-inverted before pooling and subsequent
analysis. This between-group comparison confirmed that
the posttraining versus pretraining early ERP difference
was significantly larger in the algorithm-trained group (M =
1.03 μV, SEM = 0.18 μV) compared with the control
group (M = 0.48 μV, SEM = 0.17 μV), t(15) = −2.03, p =
.048, η2 = .14.
To test whether the effects observed in the algorithm-

trained group were consistent across the two experi-
ments (and thus potentially independent from the task),
ANOVAs were used to compare the ERP differences in the
algorithm-trained group between Experiments 1 and 2.
Indeed, these analyses revealed no significant differences

Figure 9. Experiment 2 ERP results. Grand-averaged ERPs time-locked to soundscape onset before (black) and after (red) training in the algorithm-
trained group (left; N = 16) and the control group (right; N = 15). Difference maps (bottom row) display the mean amplitude difference (posttraining
minus pretraining) over the two significant time windows identified by the MUA (150–210 and 420–480 msec).
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across experiments for both the early, F(1, 30) = 0.01, p=
.91, and late, F(1, 30) = 2.04, p = .16, ERP time windows.
To further explore the functional significance of these

ERP results, we conducted a series of correlational
analyses between behavioral performance and the two
ERP effects. First, we were interested in whether accuracy

on the behavioral tests administered immediately after
the training (Session 2) correlated with the magnitude
of the observed ERP differences (posttraining vs. pre-
training), such that participants who exhibited better
cross-modal learning would show larger ERP differences.
For these analyses, we combined participants from

Figure 10. Experiment 2 ERP statistics. MUA of difference waves (posttraining minus pretraining ERPs) in the algorithm-trained group (left) and the
control group (right). Significant differences appear as colored squares in the raster plots. Cluster permutation analyses (Groppe et al., 2011)
were carried out at each time point within the two windows identified in Experiment 1. The first time window was from 150 to 210 msec
poststimulus (±20 msec), and the second time window was from 420 to 480 msec poststimulus (±20 msec). Within these time windows, the
analysis was carried out at all 92 scalp electrode sites. This figure displays 68 of the 92 electrode sites included in the analysis (for visualization
purposes), but note that all electrode sites showing a significant difference at any time point are included here.

Figure 11. Source localization results showing significant ROIs at the 5% FDR level during (A) the first ERP effect (150–210 msec) and (B) the second
ERP effect (420–480 msec) of Experiment 2. All ROIs shown were significant for the algorithm-trained group only. No control-group-specific
significant ROIs were found.
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Experiments 1 and 2 to increase statistical power. To quan-
tify the ERP differences, we once again utilized mean
amplitudes over the early and late time windows at pooled
channels using electrodes identified by the MUA (sign-
inverted for posterior negative-going effects). We first com-
pared ERP differences against accuracy for trained stimuli
(Figure 12). Higher accuracy on the behavioral test posi-
tively correlated with differential ERP magnitudes for the
algorithm-trained group during both the early, Pearson’s
r(32) = .64, p < .01, and late, Pearson’s r(32) = .38, p =
.03, time windows. A positive correlation was also pres-
ent in the control group during the early time window,
Pearson’s r(31) = .46, p < .01, but not during the later
time window, Pearson’s r(31) = .046, p = .47. Correlation
analyses were also carried out using behavioral accuracy
for untrained stimuli. In the algorithm-trained group,
trending positive correlations were observed during the
early window, Pearson’s r(32) = .32, p = .07, and the late
window, Pearson’s r(32) = .13, p = .05. In the control
group, no significant correlations were observed during
either time window (early: Pearson’s r(31) = .01, p =
.60; late: r(31) = −.09, p = .62).

We were also interested in whether behavioral perfor-
mance during the EEG sessions would correlate with the
observed ERP effects. Such analyses were only possible
for Experiment 1 in which the cross-modal matches were
task relevant (i.e., In Experiment 2, behavioral perfor-
mance was at ceiling for both groups because only un-
imodal matches were required by the task). Here, we

observed a positive correlation between cross-modal
accuracy and differential ERP magnitude in the algorithm-
trained group during the early time window only, Pearson’s
r(16) = .57, p = .03, with no significant correlation during
the late time window, Pearson’s r(16) = −.15, p = .59. In
the control group, no significant correlations were evident
in the early, Pearson’s r(15) = .39, p = .16, or late,
Pearson’s r(15) = −.06, p = .83, time windows.

GENERAL DISCUSSION

In both experiments, sensory substitution training with
the Meijer algorithm for a mere 2 hours was sufficient
for sighted individuals to learn to identify complex visual
shapes from their corresponding auditory soundscapes.
Furthermore, these cross-modal perceptual learning
effects were generalizable, such that participants in the
algorithm-trained group were able to identify novel visual
shapes via novel soundscapes at well above-chance levels
(72% in Experiment 1, 67% in Experiment 2; in both cases,
chance=50%).We estimated the time course of auditory–
visual sensory substitution by isolating ERP differences
(posttraining vs. pretraining) in the group of participants
trained with the Meijer algorithm, compared with a tightly
matched control group. An early training-based ERP modu-
lation (150–210 msec), with a focus over the posterior
scalp, was significantly enhanced in the algorithm-trained
group. A subsequent ERP difference (420–480 msec)
was present only in the algorithm-trained group. Both of

Figure 12. Correlations between behavioral accuracy for trained stimuli and ERP differences (posttraining minus pretraining) for the algorithm-
trained group (top row) and the control group (bottom row), during the early ERP time window (left column) and the late ERP time window
(right column). Data were collapsed across Experiments 1 and 2. Percent accuracy, which was tested directly after training in Session 2, is plotted
against posttraining (Session 3) minus pretraining (Session 1) ERP differences. Asterisks indicate significant correlations. See text for details on
how the ERP amplitudes were quantified for these correlations.
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these ERP effects occurred relatively early in time, consid-
ering that the soundscape took 500 msec to sweep across
the image from left to right. The timing and scalp distribu-
tion of these ERP effects are suggestive of fairly rapid
visual cortex activation in response to the auditory
soundscapes.
There are a few possible interpretations of the earliest

ERP effect observed here (150–210 msec). First, an in-
crease in task difficulty (and greater cognitive effort) for
the algorithm-trained group can be ruled out, as the post-
training task in Experiment 1 was almost certainly more
difficult for the control group (who were tasked with
memorizing 80 arbitrary stimulus pairings) compared
with the algorithm-trained group (who could rely on a
few simple rules from the algorithm to complete the
task). Importantly, this same early ERP modulation was
replicated in Experiment 2, despite the cross-modal pair-
ings remaining task-irrelevant in the posttraining session.
Given the larger magnitude of this ERP modulation in the
algorithm-trained group, one could argue that this neural
difference reflects an increase in auditory attention in
both groups (due to the intervening training) but that
the algorithm-trained group had a relatively greater atten-
tional load because they learned the rules of the algo-
rithm in addition to the individual stimulus pairings. In
Experiment 2, however, we cannot rule out the possi-
bility that the algorithm-trained group differentially at-
tended to the soundscapes and continued to extract
shape information from the auditory stimuli even when
cross-modal pairings were task irrelevant.
A related interpretation is that the early ERP difference

observed here is analogous to the training-related audito-
ry P2 effect observed in many previous studies investigat-
ing auditory perceptual learning (Tremblay, Ross, Inoue,
McClannahan, & Collet, 2014; Tong, Melara, & Rao, 2009;
Trainor, Shahin, & Roberts, 2003; Tremblay, Kraus,
McGee, Ponton, & Otis, 2001). In these studies, partici-
pants were initially exposed to auditory stimuli that were
difficult to discriminate and were then trained to discrim-
inate the stimuli. The resulting posttraining versus pre-
training ERP difference typically appears as an early
positivity at anterior/central scalp electrode sites, overlap-
ping the evoked auditory P2 peak (Tremblay et al., 2001,
2014; Tong et al., 2009; Trainor et al., 2003). This audi-
tory P2 effect has been hypothesized to reflect neuroplas-
tic changes in the auditory cortex as a result of auditory
perceptual learning, so it would be reasonable to observe
such an effect here (Trainor et al., 2003). The scalp dis-
tribution of the early ERP difference observed in the cur-
rent experiments, however, does not appear to be
consistent with typical auditory attention-based modula-
tions or unimodal auditory perceptual learning effects.
Post hoc analyses were conducted to test whether the

scalp distribution of the early effect differed from the dis-
tribution of the auditory-evoked P2 component in the
algorithm-trained group. Amplitudes were normalized
(McCarthy & Wood, 1985) and compared via ANOVA with

the factors ERP component (early training-related differ-
ence vs. auditory-evoked P2) and Scalp channel location
(1–96). This analysis showed a significant interaction be-
tween ERP component and Scalp channel location, sug-
gesting that the scalp distribution of the training-related
effect was indeed distinct from that of the auditory-
evoked P2, F(95, 1425) = 17.69, p < .0001, η2 = .22.
So although this early ERP difference may, in part,
reflect a modulation in the auditory P2, the scalp distri-
bution seems to suggest that there are additional activ-
ity changes in other brain regions as a result of the
training.

As the scalp distribution of the training-related effect
suggests possible occipital sources, one interpretation
is that the early ERP difference may reflect visual cortex
activity as a result of the SSD training. The presence of a
similar (but much smaller) ERP difference in the control
group does not necessarily discount this interpretation,
as we intentionally matched the audiovisual training in
the control group as tightly as possible. The difference
in magnitude of this effect between the algorithm-trained
group and the control group might index enhanced
cross-sensory processing afforded by the utilization of
the rules of the Meijer algorithm. In other words, both
groups learned to associate sounds to shapes (hence
the presence of this difference in both groups), but the
algorithm-trained group learned to extract shape infor-
mation based on the image-to-sound conversion rules,
resulting in the substantial increase in the magnitude of
the effect. The results of the source localization analyses
are consistent with this interpretation, with sources in
medial/inferior temporal and occipital cortex found to
be uniquely associated with sensory substitution (in the
algorithm-trained group) rather than more generic
auditory-to-visual association learning (in both groups).
Future studies could be carried out using both ERPs
and fMRI to determine if a connection is present between
the ERP effect observed here and the enhanced func-
tional connectivity between auditory cortex and ventral
visual cortical areas, including the LOC observed by
Kim and Zatorre (2011). In such a study, it would be
useful to train participants over longer periods in multi-
ple training sessions with intervening ERP/fMRI sessions
to more precisely link the spatio-temporal neuroplastic
changes to the cross-sensory learning process as it
develops (e.g., see Ward & Meijer, 2010).

The ERP difference observed from 420 to 480 msec in
the algorithm-trained group was absent in the control
group, despite the fact that they were presented with
identical stimuli, received the same amount of training,
and performed the same tasks in each session. In addi-
tion, this later effect replicated with a new set of partici-
pants using the same basic paradigm in Experiment 2. On
the basis of these observations, this longer latency ERP
effect may also be related to auditory–visual sensory sub-
stitution. Previous studies of sensory substitution have
used the fMRI technique and found that training can
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change the magnitude and functional connectivity of
BOLD responses in a modality-independent shape pro-
cessing region, the LOC, as well as several other non-
primary sensory areas such as the left precentral sulcus
and the right occipito-parietal sulcus (Kim & Zatorre,
2011; Striem-Amit et al., 2011; Amedi et al., 2005, 2007).
Because of the sluggish nature of fMRI, however, it was
unclear whether these neural changes were due to a rapid
(direct) transfer of sensory information or to a slower
(indirect) cognitive route. The ERP effects observed here
(especially the early difference with a posterior distribu-
tion from 150 to 210 msec) are consistent with the rapid
transfer view of sensory substitution, in which auditory
information is directly routed to shape processing areas
after training with SSDs. Although these findings generally
support the rapid transfer view of sensory substitution,
they do not exclude the possibility that some neural
regions may be involved in a slower, more indirect man-
ner, and it is possible that the later ERP effect observed
here indexes a cognitive component of the cross-modal
learning process. These interpretations are limited by
the poor spatial resolution of ERPs. Although source
localization in ERP studies should be interpreted with
caution (a particular scalp distribution may be generated
by any number of sources in any number of locations),
the observation of consistent activation in the medial
and inferior temporal lobe, as well as the inferior occipital
lobe, leaves open the possibility of a direct translation of
the auditory signal in the auditory cortex to a more broad
multisensory signal across inferior temporal and occipital
cortices.

Finally, we observed positive correlations between be-
havioral performance on the cross-modal matching tasks
and the magnitude of the ERP effects. These correlations
were stronger in the algorithm-trained group compared
with the control group and were particularly robust for
the early ERP difference (150–210 msec). These brain–
behavior relationships suggest that individuals who learned
the best tended to show the largest neural changes, and
vice versa. Smaller (and, in some cases, absent) correla-
tions during the late ERP time window further suggest a
closer link between the early ERP effect and audiovisual
perceptual learning.

Overall, the electrophysiological effects of sensory
substitution identified in the current study comple-
ment results from the fMRI literature and support the
view that sensory substitution likely involves a fairly
rapid transfer of sensory information. The identifica-
tion of these training-based ERP differences provides
several opportunities for future investigation, as more ex-
periments must be carried out to determine what factors
may influence the timing, magnitude, and presence of
the observed neural changes. There also remains much
work to be done to bridge the gap between the tempo-
rally sensitive ERP information gained from this study and
the spatially sensitive information gained from fMRI
studies.

Conclusion

Patterns of electrophysiological brain activity that appear
to be a direct result of sensory substitution training were
identified in two separate experiments. These effects, an
early ERP difference from 150 to 210 msec and a sub-
sequent difference from 420 to 480 msec, are consistent
with the view that sensory substitution may involve rapid
transfer of information from one sensory modality to
another. The current study also demonstrates that using
arbitrary associations with a large stimulus set (80 sound–
image pairs) is a viable method for establishing a
matched control group in this area of research. Overall,
our findings provide important temporal information that
complements results of previous studies using spatially
precise but temporally sluggish techniques and brings
us one step closer to understanding the proposed neuro-
plastic networks that support auditory–visual sensory
substitution.
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