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Abstract
Nowadays, using state of the art multivariate machine learning
approaches, researchers are able to classify brain states from
brain data. One of the applications of this technique is decoding
phonemes that are being produced from brain data in order to
decode produced words. However, this approach has been only
moderately successful. Instead, decoding articulatory features
from brain data may be more feasible. As a first step towards
this approach, we propose a word decoding method that is based
on the detection of articulatory features (words are identified
from a sequence of articulatory class labels). In essence, we in-
vestigated how the lexical ambiguity is reduced as a function of
confusion between articulatory features, and a function of the
confusion between phonemes after feature decoding. We cre-
ated a number of models based on different combinations of ar-
ticulatory features and tested word identification on an English
corpus with approximately 70,000 words. The most promising
model used only 11 classes and identified 71% of words cor-
rectly. The results confirmed that it is possible to decode words
based on articulatory features, and this offers the opportunity
for multivariate fMRI speech decoding.
Index Terms: fMRI-based speech decoding, articulatory fea-
tures, lexical access

1. Introduction
Recently, computational power and functional Magnetic Res-
onance Imaging (fMRI) precision and quality have increased
to a level that allows for treating fMRI voxel spaces as pat-
tern recognition problems. Using state of the art multivariate
machine learning approaches, researchers are able to classify
brain states from fMRI distributed patterns. The mapping from
blood oxygen level dependent (BOLD) responses, measured by
fMRI1, to brain states can be learned using multivariate classi-
fication algorithms like support-vector machines or neural net-
works [1]. These patterns contain information corresponding
to different cognitive states of the brain, and can be used in
conjunction with an appropriately trained classifier to decode

1Magnetoencephalography or electroencephalography are com-
monly used as well for higher temporal resolution but lower spatial res-
olution than fMRI.

unseen BOLD responses into the stimuli that induced these re-
sponses [2, 3, 4, 5, 6].

One of the applications that has been explored is decoding
phonemes that are being perceived [7] or produced [8, 9] on the
basis of single-trial fMRI or electrocorticographic (ECoG) data.
While these decoding approaches can be used to learn more
about the functional organization of language-related processes
in the brain, the application of decoding produced phonemes
becomes especially interesting in the case of paralysis: patients
with locked-in syndrome are unable to move their muscles, and
are thus unable to produce speech. If attempted phoneme pro-
duction could be decoded, this would offer a potential means of
communication through speech even without muscle control.

Classification results obtained by classifying intended
phoneme production from signals recorded using ECoG look
promising: Some phonemes could be classified with over 60%
accuracy. However, performance for many phonemes is still
around chance level, thus this approach is still far from an ac-
tual application [9].

Instead of trying to find a mapping between brain patterns
and phonemes, we investigated the use of acoustic-articulatory
features to classify the phoneme from those features. This ap-
proach, if successful, would offer two major contributions for
a word based brain reading application. First, decoding ar-
ticulatory features instead of single phonemes greatly reduces
the number of classes that need to be distinguished; for in-
stance, the classification results mentioned in the previous sec-
tion were based on 38 phonemes. The use of fewer classes
reduces the probability of misclassification and will generally
lead to higher performance in decoding [10]. Representation of
the speech signal in terms of articulatory features may also lead
to a better and more flexible way of describing the speech in
terms of articulatory overlapping events [11, 12, 13, 14]. Sec-
ond, articulatory features are likely easier to decode than single
phonemes because articulatory features cause activation in the
(pre)motor cortex for both speech production and speech per-
ception [15, 16, 17, 18, 19].

The question addressed in this paper is to what extent word
recognition degrades as a function of degradation of the repre-
sentation of phonemes as articulatory features to investigate the
effect of noisy brain reading output. In our method, we assume
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that a lexicon is available in which words (i.e. orthographic
forms) are represented by a sequence of phonemes.

We investigated the predictive value of a number of articula-
tory features by creating classification models based on various
combinations of features. These models were compared on the
basis of their predictive performance on a 70,000 word English
corpus.

We hypothesized to find a clear trade-off between the com-
plexity and the performance of the model, where more com-
plex models (i.e. those containing more articulatory features)
would lead to higher predictive performances. Whether or not
the performance of a given model is sufficient would depend
on the application for which it would be intended. For a multi-
variate fMRI-decoding application using a model containing 15
classes, the performance should be on the order of 80% words
correctly classified. This is used as a benchmark for evaluating
the present results.

2. Methods
2.1. Models

Twelve models were created in which phonemes were allocated
into different classes based on articulatory features. For con-
sonants, place/manner of articulation and voicing were used
and for vowels backness, height and roundness. For each of
these features a model was created, and the remaining mod-
els were constructed using combinations of features. As diph-
thongs (also known as gliding vowels) essentially consist of two
vowels (they ’glide’ from one vowel towards another vowel), for
clarity and simplicity’s sake, we assigned these to the features
of the vowel that they glide towards 2.

Table 1 shows the models that were tested on perfor-
mance, ordered by complexity. For example, models con-
taining more articulatory features are defined as more com-
plex. The complexity is relevant with respect to the multivariate
fMRI-decoding problem, with more complex models requiring
a larger number of classes.

2How diphthongs should be treated with regard to phonetics is still
subject to debate [20, 21].

consonant features vowel features

name voiced place manner round height backns classes

RV x x 4
MB x x 11
MH x x 12
PB x x 13
PH x x 14
MBRV x x x x 18
PBRV x x x x 21
MHRV x x x x 21
PHRV x x x x 24
PBMH x x x x 27
PBMHRVx x x x x x 41

Table 1: Specification of the models used in this study, showing
which features they combine, and the number of classes that
combination yields.

min phonemes min frequency # words

0 0 71404
0 1 53766
0 10 28079
0 100 8336
4 0 69050
4 1 51501
4 10 26257
4 100 7242

Table 2: The size of the dictionary when applying filters for
frequency and size.

2.2. Database

To test the performance of the models, a dictionary was con-
structed using information from the Celex lexical database [22].
Specifically, we used the English phonology wordforms
database 3. The Celex database contains word forms, lemma
id, relative frequency information and the phonetic transcrip-
tion (along with additional information beyond the scope of this
study). Celex entries containing spaces (e.g. ’accounted[ ]for’
and ’cut[ ]off’), were removed, and the remaining 71.404 words
served as the dataset. Using this list, we also created datasets
containing only words with higher frequencies (1, 10 or 100)
and/or words consisting of at least 4 phonemes to investigate
the effect of minimum frequency and minimum size of included
words on performance. Table 2 shows an overview of the effect
of these filters on the number of words in the dictionary.

2.3. Procedure

The procedure used to calculate the performance of a model (a
combination of features) can be roughly divided into these three
steps:

1. The Celex database was read into a dictionary and all
transcriptions were parsed according to the features.

2. Using the unique phoneme features, a new dictionary
was created, the model. When an entry (i.e. a sequence
of feature labels, representing the phonemes) was in-
serted into the model, it returned the word that translates
into these features with the highest frequency.

3. The percentage of correctly classified words was then
calculated by feeding every entry in the dataset into the
model. A word was correctly classified if the lemma id of
the output equals the lemma id of the input(e.g., ”busier”
as an input and ”busy” as an output would be a correct
classification because both words share their lemma id).

Table 3 shows an example of these steps.

3A copy can be obtained from celex.mpi.nl.
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Step 1

Word Lemma ID Frequency IPA Place of articulation or tongue backness

busy 5794 1012 bIzI bilabial.near-front.alveolar.near-front
green 19636 2648 grin velar.alveolar.front.alveolar
pity 34026 512 pItI bilabial.near-front.alveolar.near-front
ready 37434 2241 rEdI alveolar.front.alveolar.near-front

Step 2

Model input Model ouput

bilabial.near-front.alveolar.near-front busy (5794, 1012)
velar.alveolar.front.alveolar green (19636, 2648)
alveolar.front.alveolar.near-front ready (37434, 2241)

Step 3

Word Model input Model Prediction Correct?

busy bilabial.near-front.alveolar.near-front busy yes
green velar.alveolar.front.alveolar green yes
pity bilabial.near-front.alveolar.near-front busy no
ready alveolar.front.alveolar.near-front ready yes

Table 3: The procedure to calculate performance using place/backness as features. Note that ’busy’ is predicted instead of ’pity’. They
have the same features, therefore the prediction of the model is ’busy’ as it has a higher frequency. In this example the performance of
the model would be 75%.

3. Results
Figure 1 presents the performance of the different models. De-
tailed information about the models can be found in Table 1.
The results show that the lowest performance was obtained us-
ing the simplest feature, while the highest performance was ob-
tained using all the features.

This is in line with our hypothesis that more complex mod-
els (using more features) would lead to higher predictive per-
formance. One surprising result is that models using manner
of articulation as a feature had higher overall performance than
those using place of articulation, even though such models had
relatively fewer classes to distinguish. These differences can
be explained in part by the more even distribution of phonemes
over different manners of articulation.

Table 4 presents the effect of filtering the dictionary us-
ing word frequency and phoneme count on the overall perfor-
mance. It shows that the only filter that had a noticeable effect
was restricting the corpus to words with at least four phonemes

Figure 1: The performance for the models. The labels in this
plot refer to the labels used in Table 1, with exception of C, in
which only a consonant/vowel distinction is made.

min phon. min freq. correct total performance

0 0 50786 71404 71.18
0 1 37743 53766 70.25
0 10 19788 28079 70.53
0 1000 6009 8336 72.08
4 0 50416 69050 73.08
4 1 37382 51501 72.64
4 10 19460 26257 74.18
4 1000 5751 7274 79.41

Table 4: The number of correctly identified lemma’s, total num-
ber of words and the performance for each of the different fil-
ters, using a model based on the manner(consonant) and back-
ness(vowel) features.

and a frequency of 1000. Note, however, that when using this
filter, the size of the dictionary gets reduced from 71,404 to
7,274 words. Therefore, the total number of words that are
correctly classified is still larger for the unfiltered dictionary
(50,786 words).

4. Discussion
This study investigated whether methods based on the decoding
of articulatory features instead of individual phonemes would
be sufficient for word identification. We predicted to find a
clear trade-off between the complexity and the performance of
different models. Such a trade-off is indeed evident in Fig-
ure 1, though the effect diminishes with a higher number of
classes. ’Manner of articulation’ performed better as a fea-
ture than ’place of articulation’ even though it has fewer classes
within the feature.

We set a benchmark for performance at 80% correct for a
model containing 15 classes. The model that performed closest
to this benchmark uses the feature ’manner of articulation’ for
consonants and tongue position (’backness’) for vowels. This
model has 12 classes and achieved a performance of 71.2%.
While the performance is notably lower than that of the bench-
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mark, it also uses fewer classes. Ultimately the choice of fea-
tures for a decoding application depends not only on the perfor-
mance of the model on word identification but also on the de-
coding performance of the features on brain data. This can be
investigated in a future study using fMRI to decode phoneme
features from phoneme production in subjects. For now these
findings suggest that classifying on articulatory features rather
that individual phonemes yields a high word classification per-
formance, while severely reducing the number of classes. This
indicates that such an fMRI study would be worthwhile. Such
results also support the idea that the use of phonetic features as
opposed to single phonemes would be more effective in multi-
variate fMRI studies that focus on word decoding.

We also investigated the effect of filtering the word list on
the basis of phoneme count and/or frequency. While filtering
the word list increases performance in some cases, it also re-
duced the total number of words that could be identified. For
example, when restricting the corpus to words with at least four
phonemes and a frequency of at least 100, the performance in-
creases to 79% compared to 71% using no filter. At the same
time this filter reduces the size of the word list from around sev-
enty thousand to seven thousand words. These results lead us
to the conclusion that it is not beneficial to filter the data in this
manner.

The reported performance could potentially be improved
upon by various means of post processing. For example, the
probability distribution of phonemes can be taken into account.
Using such a distribution, which can be obtained from the
same word corpus, more information is provided about most
likely phoneme in a given context. Note that the fact that we
used frequency information for the prediction already makes
use of the probability distribution, though it can be extended
from the word level to the phoneme level, thereby increasing
its precision. Another way to improve word-prediction perfor-
mance would be to use contextual information, such as word
bigram frequency. Further study is needed to assess these post-
processing methods.

Finally, a number of important limitations need to be con-
sidered with regards to the findings in this study. First, to be
able decode words in multivariate fMRI studies we have as-
sumed that words are pronounced without any form of reduc-
tion. In a restricted experimental setup, it would be possible to
instruct participants to clearly pronounce words. However, in
natural speech, reduction plays an important role, with around
20% of word utterances containing one or more deleted seg-
ments [23, 24].

Secondly, the spatial and temporal resolution of fMRI is
possibly too low to detect the subtle differences in the features
we described. For example, the difference (in brain activa-
tion) between a front and near-front tongue position (as in the
vowel ’backness’ feature), might be too small to pick up with
fRMI [25]. Using ECoG, spatial resolution is much more pre-
cise (although very invasive), allowing different features to be
more reliably distinguished [26, 9, 27]. However, noisy detec-
tion of a feature can be compensated by precise detection of
another phoneme. Cue trading describes the effect that a pho-
netic distinction is the result of a combined effect of several
different acoustic cues. These cues contribute to the perception
of a phonetic distinction. In general, a trading relation among
the cues can be demonstrated in an identification task as long as
the speech stimuli are phonetically ambiguous [11]. Taken to-
gether, cue trading can improve the translation from utterances
to articulatory features of the phonemes.

The most important limitation lies in the fact that the feature
division used in this study is arguably incomplete and possibly
not the most optimal choice for fMRI studies. It has been shown
that phonemes can be classified using many features other than
the ones used in this study (for an overview of the debate on
phonetic features, see van Oostendorp et al. 2011, chapters
17,19,21,27) . Future research should therefore concentrate on
which features perform well in multivariate fMRI decoding. Fi-
nally, it is worth mentioning that the method presented here can
be extended to other languages, though it is very likely that the
optimal feature set differs across languages or even across indi-
viduals [30].
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