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1. Introduction

Visual representation of language by written symbols was a remarkable innova-
tion that allowed humans to circumvent unreliable memory and construct sto-
ries that transcend space and time. It literally makes this thesis possible.  Even 
when speech and video can be recorded and transmitted with relative ease, the 
written word has properties that cannot be easily replicated. In recent times, 
books may have somewhat fallen out of favour, and the physical substrate for 
text may have metamorphosed from paper into screens, but writing in the form 
of messaging, news media, advertisements, etc., saturates the visual landscape. 
Cellphones may have made it possible to speak with people at distance wherever 
and whenever, but people at distance do not always appreciate this. Therefore, 
the preferred method of communication has largely shifted from voice to some 
form of text messaging due to its time-independent nature (Pinchot, Douglas, 
Paullet, & Rota, 2012).  

In the timescale of civilization, written language is a relatively recent inven-
tion, and widespread literacy is an even more modern phenomenon. Unlike 
speech, reading and writing abilities have not had time to apply evolutionary 
pressure to develop distinct biological capabilities (Dehaene, 2009). Children of 
illiterate parents can learn to read as well as anybody, suggesting that epigenet-
ics does not play a major role in skill acquisition either. However, the increased 
dependence on text messaging in the modern dating culture might result in fu-
ture generations with extraordinarily flexible thumbs. Without an evolutionar-
ily moulded reading organ, it is especially remarkable that an accomplished 
reader can convert text into thought with efficiency, to the point that it is nearly 
impossible to look at a common word and not immediately see its meaning. 
Sometimes we can even look at a word form that we have never encountered but 
still understand it. What kind of mechanisms allow such a rapid word recogni-
tion? How is it implemented in the brain? How should we go about describing 
it?  

The study of language processing is a vast interdisciplinary project. The field 
of cognitive science draws elements from linguistics, psychology, neurobiology, 
computer science, physics, philosophy and others. In this thesis, I investigate 
brain processes associated with recognition of words and word parts, by com-
bining time-sensitive measures of cortical activation with computational mod-
els developed originally for applications in Natural Language Processing (NLP). 
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1.1 The science of language processing 

Language ability can be studied from several angles. Psycholinguistic experi-
ments are used to measure human reaction times and accuracies in linguistic 
tasks or more automatic responses such as eye movements. Neurolinguistics re-
fers to the use of functional brain monitoring methods to study language pro-
cessing as it unfolds on the neural level.   

  Models of language processing attempt to link linguistic concepts to proper-
ties of cognition and neural systems. These models could, for example, resolve 
whether and what type of constraints of grammar are hardcoded in the archi-
tecture of the human brain, as proposed by the proponents of innate language 
ability (Chomsky, 2014; Pinker, 2003). A linguistic theory can provide hypoth-
eses for empirical studies, as well as conceptual structure and interpretations 
for neuroscientific results. 

  However, it is not entirely obvious how the different fields of study conform. 
Generative grammar and the symbol manipulation approach have been a cor-
nerstone of the linguistic theory (Chomsky, 2014), but it is not guaranteed that 
the linguistic rules and constructs should correspond to distinct functional 
structures that can be observed in neurological architectures.  

  Linguistics and neuroscience deal with fundamentally different types of con-
cepts. Linguistic constructs describe the language itself and the detailed rules 
operating on objects such as words, sentences or morphemes. Neuroscience de-
scribes the physical behaviour of cell assemblies using concepts like activation, 
potentiation and oscillation. One way to state the discrepancy is by Poeppel & 
Embick (2017) who named two endemic difficulties: 

Granularity Mismatch Problem (GMP): Linguistic and neuroscien-
tific studies of language operate with objects of different granular-
ity. In particular, linguistic computation involves a number of fine-
grained distinctions and explicit computational operations. Neuro-
scientific approaches to language operate in terms of broader con-
ceptual distinctions.  

Ontological Incommensurability Problem (OIP): The units of linguis-
tic computation and the units of neurological computation are in-
commensurable 

In other words, linguistic theory provides such a detailed description that it is 
unlikely that we can observe corresponding detail with our current, rather crude 
imaging methods. Second, even if we could measure the brain with a very high 
precision, it would be challenging to identify a correspondence between a given 
linguistic rule and communication between neurons. The problem is akin to try-
ing to debug a computer program by measuring the physical properties of a pro-
cessor, which is not feasible even with full knowledge of microscopic details (Jo-
nas & Kording, 2017). Indeed, connecting physical implementation to algorith-
mic level of analysis is a fundamental difficulty in all neuroscience, and the 
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problem is especially pronounced when the algorithms in questions are very de-
tailed.  

However, regardless of these challenges, linguistic structure provides at least 
a starting point. In order to study the reading process and word recognition, one 
can start from the overall framework of what a word is and what it is made of. 
Further along the line, we can ask how these abstract properties might be linked 
to physical observables. In linguistics, a word is the smallest element of lan-
guage that has a practical meaning in isolation, however, a word itself may be 
composed of smaller building blocks called morphemes.  

1.2 Morphology 

The linguistic domain of word structures is called morphology. Words can be 
categorized into monomorphemic words (simplex) and multimorphemic words 
(complex). A complex word such as ‘un-think-able-s’ consists of multiple dis-
tinct parts called morphemes. Morphemes are considered the minimal mean-
ingful units in a language, thus building blocks that are more basic than words. 
Some morphemes are bound, i.e., they must always be combined with another 
morpheme (e.g. ‘un- ‘/’-s’/). A morpheme that can stand alone as a word (e.g., 
‘think’) is called a free morpheme.  

Morphology describes regularity in the otherwise arbitrary relationship be-
tween word forms and meaning. For example, English plural suffix ‘-s’ placed at 
the end of a noun marks the plural. When we learn that a novel item is called a 
‘wug’, we can deduce that the word ‘wugs’ refers to many such items (Pinker, 
2003). 

The study of cognitive and neurological foundations of morphology is a very 
active area of neurolinguistics. A key question is whether identification and pro-
duction of complex words is a generative process in which rules or subword 
units are used to generate the complex word form. Alternatively, every word 
form could be stored as a distinct memory engram. These alternatives pose dif-
ferent demands in terms of computation and storage, and it is conceivable that 
the neural system could also seek to balance these two requirements (Bertram, 
Schreuder, & Baayen, 2000). Furthermore, if complex word forms are gener-
ated ‘online’ by some type of computational process, it may be possible to track 
these processes in the neural machinery of language and perhaps build models 
that describe the neural computations.  

The ‘wugs’ example shows that we make use of rules when faced with a novel 
word, but how about those complex words that are frequently used? Is there a 
qualitative difference on how bound and free morphemes are represented on 
the neural level? Are the linguistic categories of inflections, derivations and 
compounds reflected in the neural implementation? These questions exist at an 
interesting intersection where relatively high-level linguistic concepts can pro-
vide insights for empirical neuroscience and synergy might be found between 
the two fields.  
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There has been a significant amount of research on the topic, and experi-
mental data and theories abound, but we are still lacking a widely accepted con-
sensus on many of these questions. The apparent lack of clarity has been at-
tributed, e.g., to somewhat conflicting pieces of evidence and to the confusing 
zoo of models that keeps expanding, whereas models are rarely falsified 
(Amenta & Crepaldi, 2012). The lack of progress may also stem from the funda-
mental difficulties of bridging the conceptual gap between linguistics and neu-
roscience that was noted in the previous chapter. 

1.2.1 Psycholinguistic models of morphology 

Models of morphological processing attempt to describe a general system or 
subsystem of the human language faculty that coincides with the linguistic no-
tion of morphology. The problem has attracted much interest, and numerous 
models have been proposed. Since there are so many of them, it has become 
customary to divide them into categories. A division by the model type distin-
guishes between classical computational models and connectionist models. This 
division reflects a more general discussion in the cognitive sciences about ways 
to describe cognition and the nature of representations and computations 
(Fodor & Pylyshyn, 1988; Sloman, 1996).  

The classical approach describes language processing on an abstract level 
without recourse to the details of implementation. This paradigm proposes a set 
of symbols and formal rules that operate on the symbols. A connectionist ap-
proach, in turn, assumes that linguistic constructs emerge from the properties 
of neural networks and cannot be abstracted. Models of this type comprise a 
network of nodes that represent inputs, outputs, and hidden features, as well as 
weighted associations between the nodes. The processing is described by asso-
ciations between the input and output.  

The difference between computationalism and connectionism is the approach 
to description, not a fundamental ontological difference. Any symbol posited by 
a classical approach would still be encoded in the brain by some type of pattern 
of neural organization. It is possible to construct neural networks that perform 
classical computation (Siegelmann & Sontag, 1991).  On the other hand, all con-
nectionist neural networks can be simulated symbolically with classical comput-
ers and therefore abstracted as Turing machines, although the description 
might be rather obscure. There is also nothing that forbids hybrid models with 
features from both approaches (A. Graves, Wayne, & Danihelka, 2014). 

Historically, the first cognitive models of morphology were classical computa-
tional models envisioned at the time that was marked by the advent of comput-
ers, and thus were undoubtedly influenced by them. These models are infor-
mation processing models that, on the abstract level, resemble how one would 
try to implement a computer program which is sensitive to morphological fea-
tures. These models posit distinct processing stages, much like subroutines in a 
programming language. These models can be related to human word processing 
by associating the stages with processing time. An influential model of word 
recognition by Taft and Foster (Taft & Forster, 1975) is illustrated in Fig. 1. This 
model proposes that processing of an affixed word involves distinct steps. The 
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difference in the processing steps between affixed and non-affixed words would 
explain why the observed recognition times are slower for affixed words.  This 
type of models could also describe selective damages to language ability if the 
damaged functions can be associated with distinct stages of the model. 

Figure 1. A Box-and-arrow model of visual word recognition by Taft & Foster, 1975. 

There is a whole family of these box-and-arrow models that differ slightly on 
the stages and on the linguistic features that affect the processing of those 
stages. However, comparison between the models can be difficult if they do not 
provide quantitative predictions. While in Tafts’s model all affixed words are 
decomposed, many recent models propose some type of hybrid or a dual route 
architecture that allows some affixed words to be processed as full-form. The 
idea in a dual architecture is that full word processing is supposedly computa-
tionally simpler and therefore faster. However, due to additional cost of storage, 
it is only reasonable for those affixed word forms that are relatively frequent 
(Baayen & Schreuder, 1999; Caramazza, Laudanna, & Romani, 1988; Coltheart, 
Rastle, Perry, Langdon, & Ziegler, 2001; Frauenfelder & Schreuder, 1992).  

An example of a connectionist model is the Naïve Discriminative Reader 
(NDR) (Baayen, Milin, Đurđević, Hendrix, & Marelli, 2011; Baayen & Smolka, 
2019). This model proposes a layered network of nodes and weighted associa-
tions between the nodes, illustrated in Fig. 2. The input layer describes the word 
as a set of letter bigrams that act as visual cues. The cues are associated with the 
second layer of the network that consists of nodes representing abstract word-
like entities called lexemes (in practice, these can be, e.g., word lemma forms). 
The lexemes are associated with each other by weighted connections that repre-
sent linguistic and semantic relationships between them.  
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Figure 2. A connectionist model of visual word recognition, Naïve Discriminatory Reader by Baayen et 
al., 2011. Orthographic cues consisting of letters and letter-bigrams are extracted from the word form 
and associated with abstract word units. 

A network model can learn associations from data and can work without a 
priori linguistical structures. The connection weights can be turned into quan-
titative predictions of e.g., processing times. The models may also have some 
correspondence with a neural implementation. For example, on a neural level, 
the cues on the first layer of NDR could correspond to features extracted by early 
stages of the visual processing stream. However, the weights are rather hard to 
interpret in a linguistic framework.    

A further, third approach makes use of the concepts of information and com-
putational complexity that dictate fundamental limitations for computational 
and representational systems operating on abstract symbols (Papadimitriou, 
1994). These concepts can be used to make quantitative predictions about the 
operation of such a system, in this case, the brain. This approach falls in the 
domain of classical models, as it does not deal with networks. Yet, models based 
on this principle are quite distinct from examples such as that of Taft (1975). 
These models are interesting because they provide predictions for quantities 
that are conceptually compatible with properties of physical systems such as en-
ergy usage, while retaining some form of symbolic features that are compatible 
with linguistics. This idea is explored in more detail in the following chapter.  
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1.3 Words and information 

Good words are worth much, cost little 
        (George Herbert, 1651) 

Words contain information. This is true in many ways, but the mathematical 
definition that originates from the field of information theory proves particu-
larly useful. In the following, we define information of a word in that sense.  

Information resolves uncertainty. This statement was formalized mathemati-
cally by Shannon, who associated information with the effort needed to com-
municate the occurrence of a probabilistic event (Shannon, 1948). For an event 
with probability p, the amount of information is,  

𝐼𝐼 = − 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝) ( 1 ) 

This quantity is also called surprisal (it quantifies how surprising an event is) 
and its unit is bit. This is also the minimum message length required to repre-
sent the event. Surprisal associated with a rare event is greater than that of a 
common event. For example, tossing a coin yields tails with the probability of 
1/2, while getting a 6 with a roll of dice has a probability of 1/6. The result of a 
coin toss can be communicated with one bit, 𝐼𝐼 = − 𝑙𝑙𝑙𝑙𝑙𝑙2 �

1
2
� = 1, while the result

of a roll of dice requires 𝐼𝐼 =  −𝑙𝑙𝑙𝑙𝑙𝑙2 �
1
6
� = 2.58 bits. On average, the more possi-

ble outcomes there are, the more effort it takes to communicate which outcome 
occurred. The expected amount of information, the entropy,  

𝑆𝑆 = −� 𝑝𝑝𝑖𝑖 𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝𝑝)
𝑖𝑖

 ( 2 ) 

depends also on the shape of the distribution, with more equal distribution 
yielding higher entropy (Pathria & Beale, 2011).  

To calculate the surprisal of a word, one needs to treat the occurrence of a 
given word from a set of possible words as a probabilistic event. A statistical 
language model is a model that defines some reasonable way to calculate this 
probability, i.e., it defines a probability distribution over words.  We could, for 
example, define a crude language model which assumes that a word has 10 char-
acters, and each character occurs at an equal probability. Then there are 27^10 
possible words, each with a surprisal of 𝑙𝑙𝑙𝑙𝑙𝑙2(1/27^10)  =  48 bits. Thus, it re-
quires at least 48 bits to represent a word in the context of this model. However, 
this is not a very good model for a natural language.  

We may devise a language model with different assumptions. Another way 
would be to consider a large dictionary, say >1 million words, and assume the 
word is picked at random. Any given word can now be specified with just -
𝑙𝑙𝑙𝑙𝑙𝑙2(1/10^6)  =  20  bits. Of course, in this model, one can represent only those 
words that occur in the dictionary.   



Introduction 

16 

Not all words occur at equal probability. In most (if not all) natural languages, 
the frequency of words is distributed according to Zipf’s law (Zipf, 1935). Zipf 
noticed that there are a small number of words with relatively high frequencies 
and a long tail of low-frequency words. It follows that some words are less sur-
prising, on average, and they can be represented with a smaller number of bits 
in an optimized encoding. Observed word lengths in natural languages seem to 
respect this kind of optimization of representation: the encoding length (i.e., the 
word length) is proportional to the probability of the word, thus common words 
tend to be short, and those long words that are used often tend to get truncated 
in common use. This idea is generalized in the principle of least effort that states 
that people use the least possible effort to communicate a concept (Zipf, 2016). 

This optimization of representation is independent of the implementation. 
Words can be represented with written letters, acoustic utterances, magnetic 
moments of molecules, neural spikes etc. Independent of the medium, less sur-
prising words can be represented with less effort than the surprising ones. The 
assumption that the system prefers to optimize the overall long-term cost, i.e., 
minimize the energy, has been suggested as a means for understanding many 
aspects of brain organization (Friston & Stephan, 2007).  

In the study of human language processing we can use this idea by considering 
the neural pathways as an information channel. To communicate a word, the 
neurons must represent the word somehow. If we assume that the neural system 
is optimized to represent words, the average representation effort over all pos-
sible words is minimized, and the encoding cost can be described by a language 
model that approximates the real language environment. The neural system is 
therefore associated with a model of words. The better this model corresponds 
to the actual language use the less effort is needed. This general optimization 
principle might also explain why the observed speech information rate across 
different languages is similar (Pellegrino, Coupé, & Marsico, 2011). 

How might we estimate whether a neural system is associated with a model 
that is relevant to coding of words? First, we guess a model. Second, we use this 
model to calculate the surprisal value for a number of words. Third, we compare 
the results of our calculation with a measure of neural activity. If the model-
derived and neural values do not correlate, then the initial guess is wrong. This 
may happen if 1) the model is a poor description for that neural system, 2) the 
assumption of optimization is wrong, or 3) the measure of activity, such as the 
amplitude of the MEG response, does not relate to effort and computational 
properties of a neural population. 

For 3) there is half a century of experiments with MEG that have produced 
applicable results in a wide range of topics (Supek & Aine, 2016). As regards 2), 
the hypothesis of optimal coding is a strong candidate for the overall theory of 
organization of brain functions (Friston, 2010, 2012). Measures of surprisal 
have been successful in predicting neural responses in language tasks (Brennan, 
2016; Frank, Otten, Galli, & Vigliocco, 2015; Henderson, Choi, Lowder, & Fer-
reira, 2016).  
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1.3.1 Information in morphological processing 

Information theory has been used in the study of morphological processing (del 
Prado Martin, Kostić, & Baayen, 2004; Kostic, 2013). There are various ways to 
incorporate morphological properties in the probability distribution over 
words. One approach is to consider the word as a member of a set of morpho-
logically related words and take into account the information associated also 
with the other members of that set. 

For example, (del Prado Martin et al., 2004) calculate the entropy of  a set of 
words that includes all morphological relatives. Derivations and inflections are 
considered hierarchically (Fig. 3) so that each derived word form (including the 
base form) is associated with a set of inflections, termed inflectional paradigm.  

Figure 3. Hierarchical model of morphological structure 

Given a word form, the inflectional entropy is calculated over a set of inflected 
word forms of that derivation, 

𝐻𝐻(𝑃𝑃) = −� 𝑝𝑝(𝑥𝑥|𝑃𝑃)
𝑥𝑥∈𝑃𝑃

𝑙𝑙𝑙𝑙𝑙𝑙2 p(x|P) ( 3 ) 

where P is the inflectional paradigm (e.g., P:={cat, cats} ), and p(x|P) is the con-
ditional probability of encountering the word x given that the word is one of 
those in P. The total paradigmatic entropy is then obtained by summing the in-
flectional entropies associated with all derivations  𝐻𝐻𝑡𝑡𝑡𝑡𝑡𝑡(w) =  𝐻𝐻(𝑃𝑃1) + 𝐻𝐻(𝑃𝑃2) +
.…  Finally, the word surprisal, 𝐼𝐼(𝑤𝑤) = − 𝑙𝑙𝑙𝑙𝑙𝑙2 𝑝𝑝(𝑤𝑤), and its paradigmatic entropy 
are summed together to obtain a quantity which the authors call the information 
residual,  𝐼𝐼𝑅𝑅(𝑤𝑤) = 𝐼𝐼(𝑤𝑤)−𝐻𝐻𝑡𝑡𝑡𝑡𝑡𝑡(w).  del Prado Martin and collegues then model 
recognition times for Dutch words in three separate datasets. By applying linear 
regressions, they show that a model using the information residual as the single 
predictor generally outperforms a model that uses a combination of three tradi-
tional variables associated with morphology (surface frequency, morphological 
family size, and cumulative root frequency). 

The information residual thus considers the surprisal from word frequency 
and the information over all morphological relatives. In simplified terms, the 
word should be easier to process if it has a lot of relatives (inflections, deriva-
tions, and inflected derivations) that occur frequently. Essentially, morphologi-
cal regularity in language tends to reduce the surprisal of the word compared to 
what is suggested by its surface frequency alone. This type of approach to incor-
porate morphological properties in the surprisal measures uses linguistic theory 
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to define which words belong to a given morphological paradigm. Thus, the de-
tails and idiosyncrasies of linguistic analysis are intertwined in the model. There 
are practical limitations in implementing this method for languages for which 
there are no comprehensive databases on morphological relations. 

Information theory can also be used to define morphological properties them-
selves, instead of just using the morphological structure to calculate the sur-
prisal of words: we can directly search for morphological structure that would 
minimize surprisal. Remarkably, such an approach can produce morphological 
features that resemble linguistically defined structures so well that the principle 
is used in NLP to automate morphological analysis (Creutz & Lagus, 2002). In 
NLP, a morphological segmentation is essential to reduce the lexicon size for 
example in speech recognition tasks in highly inflective languages. 

The particular model employed in this thesis, that applies this idea of minimi-
zation of surprisal or, more precisely, the minimum description length principle 
(Rissanen, 1978), is the baseline variant of the Morfessor model  (Creutz & 
Lagus, 2007). In this model, words are assumed to be composed by concatena-
tion of morphemic units, e.g., ‘think’ + ‘er’. The model learns a lexicon of mor-
phemes, and words are represented by references to morphemic units (Fig. 4). 
Words sharing one or more units implicates a morphological relationship be-
tween those words.  

Figure 4. Morfessor seeks an optimal lexicon of morphemes. Words are represented by reference to 
units in the morpheme lexicon. 

Here, the morphemes need not be defined a priori, instead, they are learned 
from data during the model training.  Morfessor seeks to determine a set of mor-
phemic units that minimize the average surprisal of all words in the corpus, 
while trying to keep the set of morphemes small. 

Suppose M is a lexicon of morphemes 𝑚𝑚𝑖𝑖, with frequency-based probabilities 
in 𝑝𝑝𝑖𝑖. A word is composed of a sequence of morphemes, say 𝑚𝑚1 𝑚𝑚2 𝑚𝑚3. In the 
simplest case, the units are independent of each other. The probability of the 
word is then 𝑝𝑝1𝑝𝑝2 𝑝𝑝3, and the surprisal is 𝐼𝐼 = −∑ 𝑙𝑙𝑙𝑙𝑙𝑙2 𝑝𝑝𝑖𝑖𝑖𝑖=1..3 . If there are multi-
ple possible segmentations for the word, using some other morphemes, the seg-
mentation with lowest surprisal is chosen. 

The cost associated with a corpus is the sum of surprisals of all words in the 
corpus, whereas the cost of the lexicon is the total number of characters in the 
morphemic lexicon. Given a learning corpus, the cost function that must be min-
imized is the sum of these two costs, Cost(corpus) + Cost(lexicon).  



Introduction 

19 

The problem of finding the best possible segmentation and composition of the 
morphemic lexicon is a type of optimization problem that is studied widely in 
computational linguistics, and there are reasonably effective algorithms availa-
ble. For example, one can use an iterative process: Start with a lexicon of all 
whole word forms. Take one word and try all possible ways to segment it into 
two parts. If the cost is reduced, keep that segmentation and apply the proce-
dure recursively to the individual segments. The problem can be solved easily at 
least for a corpus with a few million words. 

1.4 Neural correlates of language processing 

It takes only a few hundred milliseconds for a human to recognize a written or 
spoken word. During this time, information arriving at sensory cortices is de-
coded for linguistic content and made available for various cognitive functions. 
How exactly this happens is, unsurprisingly, a challenging problem for science 
(Geschwind, 1970). Last century and especially the last decades have provided 
a wide range of information on the brain basis for reading (Dehaene, 2009) and 
speech  (Hickok & Poeppel, 2007), with converging evidence at least on the ma-
jor principles. Some of the cortical areas associated with language functions are 
illustrated in Fig. 5, however, modern research points to parallel and inter-
twined processes that are not easily captured by any simplistic picture. Never-
theless, language processing in the brain seems to be at least partially compart-
mentalized with separate networks serving different aspect of language faculty 
(Ojemann, 1991; Vigneau et al., 2006). Most readily this is exemplified by vari-
ous examples of brain lesions causing highly specific language disorders, such 
as selective problems in one modality, or difficulties with words in one gram-
matical class, while preserving other functions intact (Caramazza et al., 1988; 
Damasio, Grabowski, Tranel, Hichwa, & Damasio, 1996).  

Figure 5. Some cortical areas associated with language processing. 
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In studies I and IV, the areas of specific importance are the bilateral temporal 
cortices. In particular, the left superior temporal gyrus (STG) has a central role 
in speech perception, word representation and processing of word meaning 
(Moerel, De Martino, & Formisano, 2014; Salmelin, 2007; Salmelin, Kujala, & 
Liljeström, 2019; Wilson, Bautista, & McCarron, 2018). Intracranial recordings 
show that invariant representations of speech sounds are organized in the pos-
terior parts of STG (Chang et al., 2010; Mesgarani, Cheung, Johnson, & Chang, 
2014), and the activation of this area is enhanced in tasks requiring access to 
phonological and lexical word forms (W. W. Graves, Grabowski, Mehta, & 
Gupta, 2008).  In addition to language functions, STG is involved in a variety of 
cognitive tasks, and is especially critical for social cognition (Bigler et al., 2007).  

Neural responses associated with reading and hearing necessarily differ dur-
ing the early processing stages related to low-level sensory perception. However, 
both modalities seem to invoke similar language-related brain responses at later 
stages, and there is significant interaction between the modalities even in the 
cortical responses associated with the early processing (Klein et al., 2015; Var-
tiainen, Parviainen, & Salmelin, 2009). The high overlap suggests that language 
recognition in both modalities relies on a common neural mechanism evolved 
for integrating audio-visual speech (van Atteveldt, Formisano, Goebel, & 
Blomert, 2004).  

Cortical activation during word recognition can be studied with modern brain 
monitoring methods. The high time-sensitivity of EEG and MEG makes these 
methods particularly well suited for tracking neural processing (Pylkkänen & 
Marantz, 2003; Salmelin et al., 2019). Time-sensitive measures that can be ex-
tracted from the signal and which have proven useful in analysis of language 
functions include event-related potentials/fields (ERP/ERF) and induced oscil-
lations, often referred to as event-related synchronization and desynchroniza-
tion. An evoked response (ERP/ERF) is detected when the waveform of the 
EEG/MEG signal is phase-locked to the timing of a stimulus (or other consistent 
trigger point in an epoch) whereas the induced responses refer to enchancement 
or attenuation of certain frequency components with respect to a trigger point 
but the signal is not exactly phase-locked. In this thesis, the analysis is mostly 
restricted to evoked responses.   

The time-course of the activation to spoken words, as measured by EEG and 
MEG, shows a characteristic pattern. A transient response occurs at 80-120 ms 
after a sound onset, localized in the vicinity of the auditory cortex. The response 
is usually termed N1 or N100 in EEG studies or, for its magnetic counterpart, 
N100m (Hari, Kaila, Katila, Tuomisto, & Varpula, 1982). This response is sen-
sitive to speech-specific acoustic features (Heinks-Maldonado, Nagarajan, & 
Houde, 2006; Parviainen, Helenius, & Salmelin, 2005; Tiitinen, Sivonen, Alku, 
Virtanen, & Näätänen, 1999) . The response is also modulated by top-down pro-
cesses such as expectations and interaction with imagined speech (Sams, Möt-
tönen, & Sihvonen, 2005), which is explored further in Study IV.  

In the visual modality, presentation of a written word evokes the first distinct 
response in the occipital cortex at around 100 ms after the stimulus onset. This 
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response seems to reflect low-level visual features, such as overall visual com-
plexity, but is insensitive to whether the stimulus contains letters (Tarkiainen, 
Helenius, Hansen, Cornelissen, & Salmelin, 1999; Wydell, Vuorinen, Helenius, 
& Salmelin, 2003). The occipital response is followed by an activation localized 
in the left occipito-temporal cortex peaking at around 150 ms. This is the first 
response that shows selective sensitivity to letters. The response is stronger 
when a stimulus contains alphabets rather than geometric symbols (Gwilliams, 
Lewis, & Marantz, 2016; Tarkiainen et al., 1999). Activation in this time window 
has shown some sensitivity to statistical properties of the letter-stimulus, such 
as the frequency of letter bigrams, but it does not, at least not consistently, re-
flect lexicality of the stimulus (Solomyak & Marantz, 2009a). The response is 
interesting as it seems to be a logical place to look for any morphemic represen-
tation that may activate before full word representations. This is explored fur-
ther in Study I. The occipito-temporal activation seen in MEG may be related to 
activation in the fusiform area that is observed using fMRI in reading tasks. The 
fusiform area has been characterized as a visual word form area (VWFA), or the 
letter-box area, and considered to have key significance for the reading ability 
(L. Cohen & Dehaene, 2004; Dehaene, 2009; Dehaene & Cohen, 2011). 

The N1 activation in hearing, or the occipito-temporal activation in the case of 
reading, is followed by sustained activity starting from 250 ms, with a maximum 
around 400 ms, and hence termed the N400 in EEG studies, or N400m or M350 
in MEG literature. This response is long lasting, and it is possible that it consists 
of several components with differing functional sensitivity (Pylkkänen & Ma-
rantz, 2003). The response is usually localized near the STG but has contribu-
tions from the wider temporal region and other nearby areas (Kutas & Feder-
meier, 2011; Van Petten & Luka, 2006). Importantly, both listening and reading 
tasks generate a very similar response, hence, it can reflect modality independ-
ent language functions (Vartiainen, Parviainen, et al., 2009). This makes 
N400(m) very relevant for studies seeking to link brain responses with abstract 
linguistic features, and it will be explored in our studies I, II and IV. 

The N400(m) activation is sensitive to a wide array of semantic and syntactic 
manipulations of linguistic input (Kutas & Federmeier, 2011). For example, 
word frequency influences the response strength, with more frequent words 
eliciting weaker response when controlled for other factors (Halgren et al., 
2002; Simon, Lewis, & Marantz, 2012). More generally, it seems that con-
straints imposed by the context are an important factor for the response 
strength. That is, if the word can be expected due to sentence context, or if it is 
primed with the same or related word, the response strength is reduced. Con-
versely, if the word has an illegal grammatical form or is otherwise unexpected, 
the response amplitude is increased (Halgren et al., 2002; Helenius, Salmelin, 
Service, & Connolly, 1998; Service, Helenius, Maury, & Salmelin, 2007).  The 
response has been considered as index of difficulty for integrating the word in 
the current context (Hagoort, 2008), or alternatively, index of facilitated access 
of lexical information (Lau, Almeida, Hines, & Poeppel, 2009). 

Most studies of lexical processing have used designs that contrast brain re-
sponses between word categories, such as low-frequency versus high-frequency 
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words, which are then linked to either increase or decrease of the response am-
plitude. However, recently it has been shown that the N400(m) response can 
also be quantitatively predicted by surprisal measures in sentence context 
(Frank et al., 2015).  Again, this makes N400(m) an especially promising candi-
date for testing quantitative models.  

Morphological processing in word recognition is thought to be indexed, e.g., 
by morpheme frequency effects. That is, frequencies of word stem and affix sep-
arately modulate the reaction times and brain responses, and the whole word 
frequency by itself does not explain all the data  (Baayen, Wurm, & Aycock, 
2007). Other linguistic measures that seek to capture the morphological aspects 
can also be used to identify traces of morphological processing. For example, 
morphological family frequency (lemma frequency including derivations) has 
been observed to modulate left hemispheric M350 amplitude, with high family 
frequency linked to higher amplitude (Pylkkänen, Feintuch, Hopkins, & Ma-
rantz, 2004). In general, morphological properties are most robustly associated 
with the late temporal responses in both reading and listening tasks (Cavalli et 
al., 2016; Leminen, Lehtonen, Bozic, & Clahsen, 2016; Leminen, Smolka, 
Duñabeitia, & Pliatsikas, 2019; Vartiainen, Aggujaro, et al., 2009).  
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2. Aims

The aim of this thesis was to study brain functions related to processing of words 
and their internal structure. The methods of choice were MEG and eye-tracking, 
both providing high time resolution. Specifically, we sought to interpret the neu-
ral responses using quantitative, well-defined statistical models emerging from 
the field of computational linguistics.  

i. Are information measures associated with different levels of linguistic
abstraction, i.e., letters, morphemes and words, related to the cortical
responses during reading?

ii. Are the semantic features of morphemic units reflected in the cortical
responses? Is there a difference between statistical and linguistically
defined morphemic units?

iii. How is subword structure of words, as determined by a statistical model
of morphology, related to eye-tracking measures during word recogni-
tion. What does this tell about the optimal morphological structure?

iv. Is explicit memory maintenance of language information reflected in
the cortical responses when the memory matches sensory input? Is it
possible to distinguish between effects related to whole-word vs. sub-
word level matching?
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3. Materials and Methods

3.1 Participants 

Altogether 78 healthy adults volunteered in the experiments as detailed in Ta-
ble 1. None participated in more than one experiment. All were native Finnish 
speakers with normal or corrected-to-normal vision and no reported neurolog-
ical or language-related abnormalities. The participants in all MEG experiments 
were right-handed by Edinburgh inventory (Oldfield, 1971). Everyone gave in-
formed consent and were reimbursed for their time with small monetary com-
pensation (studies I and II) or movie tickets (studies III and IV). 

Studies I, II and IV were approved by the Research Ethics Committee of the 
Helsinki University Central Hospital. Study III was approved by the ethics com-
mittee of Aalto University.  

Table 1. Participants in Studies I-IV 

Number of participants Females Age (mean) 
Study I & II 20 11 20-37 (24.4)
Study III a 24 22 19-44 (26.3)
Study III b 26 22 19-29 (22.6)
Study IV 24 13 19-33 (23.0)

3.2 Experimental procedures 

Studies I, and II evaluated the same dataset. All participants took part in a non-
primed visual word recognition task, while cortical signals were recorded using 
MEG. Study III involved two components: a single word decision task and a 
multiword reading task. In both experiemnts, the eye-movements were rec-
orded using an eye-tracking camera.   
 In Study IV there were two tasks with identical stimuli.  The stimuli consisted 
of both visual symbols and auditory non-words. The main task was an auditory 
memory task, while in the control task, only the visual symbols were to be at-
tended. 
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3.3 Magnetoencephalography 

Magnetoencephalography (MEG) is a non-invasive functional brain imaging 
method that provides information about neuronal activity in the brain. The 
measuring apparatus is illustrated in Fig. 6. With a sensor array brought close 
to the scalp, MEG detects tiny magnetic fields that result from electrical activity 
of neurons in cell-to-cell communication (Hämäläinen, Hari, Ilmoniemi, Knuu-
tila, & Lounasmaa, 1993). The first successful measurement of brain-generated 
magnetic fields was demonstrated by David Cohen in 1968 (D. Cohen, 1968). 
Since that time, MEG has evolved into a standard method in clinical and re-
search practice.  

 

 

Figure 6.  A) MEG apparatus with a participant.  B) Diagram of sensor arrangement around the head. 
C) Diagram of current flow in the cortex and shape of the associated magnetic field. 

 
MEG can measure changes in magnetic fields at a very high precision (order 

of 10 fT) and at temporal resolution on the order of 1 ms. Locations of neural 
sources can typically be determined at the centimetre to millimetre scale. Com-
pared to other popular brain monitoring methods, MEG provides complemen-
tary information and superior spatial accuracy to electroencephalography 
(EEG) and superior temporal resolution to functional magnetic resonance im-
aging (fMRI) (Baillet, 2017). These features make MEG especially suited for 
studying fleeting cognitive processes such as word recognition. While MEG and 
fMRI measure different physical processes, one can observe a fair agreement in 
activated areas and their functional sensitivity in high-level cognitive tasks 
(Liljeström, Hultén, Parkkonen, & Salmelin, 2009), but also some intriguing 
differences (Vartiainen, Liljeström, Koskinen, Renvall, & Salmelin, 2011).  

The precise resolution of MEG is made possible by sensors based on SQUIDs, 
short for Superconducting Quantum Interference Devices. The sensors leverage 
quantization of magnetic fields in small superconducting loops with weak links 
called Josephson junctions (Josephson, 1962). The SQUIDS are brought below 

A B

C
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the critical temperature of superconducting phase transition using liquid he-
lium. The large size of the MEG apparatus is due to the helium storage.  

Because the magnetic fields of interest are tiny, on the order of one billionth 
of the Earth’s magnetic field, special circumstances are required to measure 
them. To reduce outside interferences, measurements are performed in a mag-
netically shielded room. The room is surrounded by a metal alloy shielding with 
extremely high magnetic permeability. The high permeability provides a path 
for most flux lines of external magnetic fields to go around the room and not 
inside it. 

 
 

 
 
 

Figure 7.   A) A potential difference between apical dendrites and the cell soma generates an electrical 
current along the dendrite. This primary current generates a magnetic field.   B)  Near simultaneous 
currents in an array of pyramidal cells can generate a magnetic field that can be detected outside of the 
head. 

 
The magnetic fields are result of electric currents generated by neurons. There 

are two mechanisms that generate the currents: action potentials and postsyn-
aptic potentials. Action potential is the fast depolarization of a cell membrane 
that propagates along the axon upon firing of the neuron. Information flow be-
tween neurons is mediated by neurotransmitters in a synapse which links axon 
of one neuron to a dendrite of another neuron. Postsynaptic potentials are 
changes in membrane potential of dendrites of postsynaptic cells that result 
from the synaptic actions. 

The principal source of MEG signal is thought to be the primary currents due 
to postsynaptic potentials. There are two main reasons for this. First, the action 
potential is very short, lasting only 1 ms, compared to ~10 ms duration of the 
postsynaptic potentials. When neighboring cells generate potentials near sim-
ultaneously, the longer duration results in a longer overlap and greater summa-
tion of postsynaptic potentials. Second, the action potential generates currents 
that propagate both directions along the axon, resulting in an electric quadru-
pole. The postsynaptic potential generates an electric dipole as current flows in 
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one direction along the dendrite. The electromagnetic fields due to action po-
tentials therefore diminish faster with distance than those due to postsynaptic 
potentials.  

The main source of MEG signal is related to postsynaptic potentials in cortical 
pyramidal neurons (Baillet, 2017). These neurons are abundant in the human 
neocortex and they are oriented perpendicular to cortical surface in parallel ar-
rays (Fig. 7). Parallel orientation of cells is essential as it results in the summa-
tion of signals in neighboring cells. Neurons of other types tend to be disarrayed 
resulting in more signal cancellation. A near simultaneous PSPs in at least 
10000 parallel cells are required to generate a magnetic field that can be meas-
ured outside the head.  

The primary currents in neurons are balanced by passive volume currents in 
the surrounding conductive medium. If the volume conductor is a sphere and 
the direction of the primary current flow is radial, volume currents cancel out 
the magnetic field and no signal is detected. The head is not a perfect sphere, 
but still, the strongest contribution to the signal outside the skull is due to pri-
mary currents that are oriented tangentially to the skull (Fig. 6c), i.e., when a 
population of active pyramidal cells is located in a sulcus. 

3.4 MEG data analysis 

The signal-to-noise ratio (SNR) of MEG is limited by the remnants of external 
fields, muscular activity, blinks and movements of eyes. Therefore, cleaning of 
the signal before the analysis is essential. 

The effect of external fields was decreased by applying the time-sensitive sig-
nal space separation method, tSSS (Taulu & Simola, 2006). The magnetic field 
is decomposed into a basis of harmonic functions that can be separated into two 
spaces, corresponding to signals generated in the brain and to outside sources, 
by leveraging the geometry of sensor configuration. The outside sources are 
then discarded. The method is further improved by incorporating time-depend-
ent statistics to disentangle sources that are very close to the sensors.    

The eye movements were detected by EOG electrodes attached around the 
eyes. The EOG signal was used to identify eyeblinks (Study I, II and IV). 

The data were analysed at the sensor level (Studies II and IV) and at the source 
level (Studies I and IV). To relate a magnetic field to neural sources, one must 
construct a model that defines the geometry of neural currents (Hämäläinen et 
al., 1993). A difficulty here is that there is potentially an infinite number of pos-
sible source configurations that produce a given magnetic field. To narrow down 
the solution space, additional constraints are imposed to select anatomically 
plausible source configurations. 

In Study I and IV, the signal was analysed in the source space by modelling 
the neural sources as Equivalent Current Dipoles (ECD). In the ECD approach, 
the sources of magnetic fields are represented by a sparse set of point-like cur-
rent dipoles located on the cortex.. In multi-ECD modelling, the location and 
orientation of the ECDs are kept constant, while their amplitudes can vary in 
time. In study I, the sources were co-registered with an anatomical image of the 
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participant’s brain, obtained using magnetic resonance imaging (MRI) on a sep-
arate occasion. Prior knowledge about the source components consistently de-
tected in reading studies (Pylkkänen & Marantz, 2003; Salmelin, 2007; 
Tarkiainen et al., 1999) was also used to identify plausible sources on the cortex. 
Multiple ECDs (3 - 8) were fitted for each participant to model the entire time 
course of the trial. In study IV one ECD in each hemisphere was fitted at the 
time point of interest for each participant.  

3.5 Magnetic resonance imaging 

MRI generates 3D anatomical images of the brain. MRI is widely used in clinical 
practice where it can be applied in diagnosis and staging of diseases without 
exposure to radiation (McRobbie, Moore, Graves, & Prince, 2017). The first MRI 
images were produced in 1970s by Paul Lauterbur (Lauterbur, 1973).  The im-
portance of MRI in medicine was recognized with a Nobel prize awarded to Lau-
terbur and his collegue Peter Mansfield in 2003.  

MRI works by using an extremely high magnetic field to align spins of protons 
of hydrogen atoms along the field direction. An external electromagnetic pulse 
is then used to perturb the spins. As the spins return to the orientation of the 
magnetic field, they release electromagnetic radiation that is detected by the re-
ceiver coils. As the concentration of hydrogen atoms varies across different tis-
sue types, it is possible to reconstruct the distribution of tissue and, thus, brain 
structure.  

In study I, MRI brain images were used to define the geometry of the source 
space for the MEG source-level analysis.  A Siemens Skyra 3T scanner was used 
in this study.  

3.6 Eye tracking 

  The eye movements during reading (Fig. 8) are assumed to be guided by at-
tention and language functions. An eye tracker allows observation of gaze posi-
tion and saccades which can be used to infer information about cognitive pro-
cesses during reading.  

In this thesis, we used a camera-based eye tracker, EyeLink 1000 (SR Re-
search, Mississauga, Ontario, Canada). The system consists of an infrared (IR) 
LED and a camera that are placed in front of the participant. The IR light is 
reflected from the outer layer of the eye called cornea and captured by the cam-
era, along with pupil positions. When the eyes move, the pupils move relatively 
faster than the corneal reflex. The calibration phase establishes the correspond-
ence between the gaze position and the difference of cornea/pupil positions, as 
the subject gazes at specific points on the screen with known locations. There-
after, gaze position can be estimated by measuring the relative positions of pupil 
and corneal reflex. Saccades are identified by velocity and acceleration of eye 
movements.   

 The eye movements were measured monocularly from the right eye and sam-
pled at 1000 Hz. The accuracy of the system is around 0.25-0.5 degrees which 
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is comparable to the viewing angle of a single letter (0.41 degrees) in the exper-
iment. The principal focus was on the timing and position of fixations and sac-
cades with respect to target words.  

Figure 8. Typical gaze movements in a word recognition task. Fast saccadic movements intercede fixa-
tions at words. 

3.7 Distributional semantic models 

A central feature of words is that they mean something. One way to model a 
word’s meaning, without referencing to objects outside of language, is to analyze 
how the word is used with respect to other words. Distributional semantic mod-
els attempt to quantify semantic similarities and structures based on the distri-
butions of words in a large text corpus, for a review, see e.g., Lenci (2018).   

The premise of distributional modeling is the adage, “a word shall be known 
by the company it keeps” (Firth, 1957). When two words share a similar textual 
context, they are likely related to each other in some sense. For example, be-
cause words bird and feather sometimes occur in the same paragraph, they have 
somewhat similar context and, hence, they are in some sense closer to each 
other than to some completely random word, on average. Similarity may also 
arise due to grammatical elements or other factors, e.g., a plural word form often 
has other plural forms as neighbors. 

Distributional models represent words as vectors in a space that has typically 
a few hundred dimensions. The vector space can be thought of as a fuzzy con-
tinuum of various semantic and syntactic properties that emerge during model 
training but are not clearly defined or interpreted.  Similarity of two words is 
defined as the distance between the vectors corresponding to those words. Fur-
thermore, the distributional approach can be extended from words to sentences 
and longer text snippets by constructing representations for complex expres-
sions with linear algebra operations  (Bentivogli et al., 2016). In the simplest 
case, the phrase vectors can be constructed by summing the vectors of words 
that constitute the phrase. Similarly, if the entities of the vector space are indi-
vidual morphemes, it should be possible to construct representations of com-
plex words by summing the corresponding morphemes. The limitation of simple 
vector addition is that it is commutative, that is, the result is independent of the 
order in which the terms are summed. For example, the phrases “a girl eats a 
cookie”, and “a cookie eats a girl” result in the same representation. However, 
in practice, more complex operations generally underperform simple addition 
(Blacoe & Lapata, 2012).  

koreografiannuolia karpontoonisohvallanuolianuolia sohvallasohvallasohvalla koreografiankoreografiankoreografiankoreografiankoreografian karpontoonikarpontooni

fixations 1st fixation  2nd fixation
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Figure 9. Training of the word2vec model. Surrounding words in the training corpus determine word’s 
context. A neural network with a single hidden layer is trained to predict the probability distribution 
over words so that it approximates the word’s neighborhood in the training corpus. Weights of the 
hidden layer are then defined as the word’s vector representation. 

 
Distributional models provide distances between lexical entities that typically 

correspond to measures of semantic similarity. However, because the dimen-
sions of vector space have no clear interpretation, the model does not describe 
how the lexical entities are similar or dissimilar. This contrasts to feature-based 
models that represent words as a binary list of descriptive features (i.e., “can 
fly’’, “is red”). While readily interpretable, the feature-based models have the 
disadvantage that they rely on human judgment not only in assigning the fea-
tures to lexical entities but also in selecting the features themselves. Studies 
have shown that information encoded in distributional and feature-based mod-
els is comparable (Riordan & Jones, 2011).  

In Study II, we apply a distributional model, word2vec (Mikolov, Chen, Cor-
rado, & Dean, 2013; Mikolov, Sutskever, Chen, Corrado, & Dean, 2013) to quan-
tify semantic similarity of words and morphemes. Specifically, we use the skip-
gram variant of word2vec. The model works by training a neural network with 
a single hidden layer (Fig. 9). The network is trained to predict the context of a 
word in the training corpus. That is, given a word, the output layer provides a 
probability distribution over neighbouring words that approximates the distri-
bution in the learning corpus. After the model is trained, a word is assigned a 
vector representation that corresponds to the weights of the hidden layer.  

 
 

 

 

 

Hidden layerHidden layerInput layer Output layer
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4. Summary of Studies 

4.1 Study I: Information properties of morphologically complex 
words modulate brain activity during word reading  

 
Background 
 
The word recognition process in the human brain evokes a distinct pattern of 

neural responses which can be functionally, temporally and spatially separated 
in MEG. There is evidence that these stages involve representation and pro-
cessing of low-level visual features and orthography, accessing morphological 
and lexical units, and activation of their meaning (Salmelin et al., 2019). How-
ever, current understanding is mostly qualitative, and little is known about the 
specific computational properties associated with these responses.   

Computational models of language based on statistical learning principles 
have proven successful in NLP tasks (Armeni, Willems, & Frank, 2017). Study I 
examined whether this type of modeling may also provide a useful description 
of brain processes during recognition of complex and simple words. We adopted 
an information theoretic framework and quantified the word surprisal related 
to different ways of capturing the word’s information content. We were specifi-
cally interested in morphologically structured representations of multimor-
phemic words as they play a significant role in the highly agglutinative Finnish 
language. The morphological representation was modeled using the Morfessor 
model.  The performance of the Morfessor model in predicting brain responses 
was compared to that of surprisal measures associated with low-level visual fea-
tures, orthographic features and the whole-word representation.  

 
Experimental paradigm 
 
Cortical responses were measured using MEG while participants (n=20) per-

formed a visual word recognition task. The words were a random selection of 
Finnish nouns that had high variability across various linguistic dimensions. A 
significant proportion of the words were multimorphemic with at least one in-
flectional or derivational affix. In addition, the stimuli included symbol strings, 
pseudowords and stimuli embedded in Gaussian random noise. Contrasts be-
tween the stimulus categories enabled functional localization of salient reading-
relevant cortical sources. Each word was shown once for each participant. In 
order to achieve an acceptable SNR for individual words, the word-specific re-
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sponses were averaged across the participants at the source level. The relation-
ship between the responses and language models were assessed using multiple 
regression models.  

 
Results and discussion 
 
We localized four functionally distinct source components that could be con-

sistently identified in most (>17) participants. These were the occipital response 
at 100 ms, occipito-temporal response at 150 ms, and bilateral temporal cortex 
responses around 400 ms.  

 
 

 
 

Figure 10.  A) Top: Location of the occipital response. Middle: The amplitude of evoked response aver-
aged over short, average and long words. Bottom: The response amplitude to individual words of a 
given length, averaged over the shaded time-window. B) Top: The location of the left temporal re-
sponse. Middle: The amplitudes of evoked response averaged over low, average and high Morfessor 
values. Bottom: The response amplitude to individual words of a given Morfessor value, averaged over 
the shaded time period. 

 
 We found that the first occipital response was related to low-level visual com-

plexity of the stimulus item, whereas the occipito-temporal response was de-
scribed by a combination of visual and orthographic features, but not morpho-
logical or lexical features. In contrast, the bilateral temporal responses were best 
described by the morphological model and the whole-word frequency that are 
arguably associated with higher-level language processes (Fig. 10). The success 
of the Morfessor model and its partial independence of the other predictors in a 
multiple regression model suggest that at least some words can be modeled as a 
combination of morphemic units that may arise naturally from the requirement 
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of optimization of representation. Overall, the study is a step towards a quanti-
tative understanding of cortical language processing. 

4.2 Study II: Learned morphemic representations successfully 
decode brain responses to written words 

Background 

A morpheme is a linguistic concept that denotes the most elementary mean-
ing-bearing unit of language. However, the morphemes that are defined by lin-
guists are based on rules that are hand crafted to describe a given language, and 
they are thus not very general. The morphological model Morfessor, also used 
in Study I, offers one description on how morphemes can be formed from gen-
eral statistical considerations. This type of description might be conceptually 
better suited for describing neural computations. Here we examine how the 
morphemic units from the Morfessor model compare to linguistically defined 
morphemes as models of neural processing. 

The study procedure is visualized in Fig. 11. We modelled the semantic fea-
tures of words and morphemes by a distributional corpus-semantic model, 
word2vec (Mikolov, Chen, et al., 2013; Mikolov, Sutskever, et al., 2013). This 
model represents words as vectors in a high-dimensional space. The distribu-
tion of words in the vector space has been shown to correspond to the semantic 
and syntactic relationships of words and has proven useful in predicting brain 
responses (Oota, Manwani, & Bapi, 2018; Xu, Murphy, & Fyshe, 2016). We 
trained this model for three types of morphemic units: the units from the 
Morfessor model, linguistic morphemes, and whole-word units. The assump-
tion was that a collection of morphemic units that work well in the decoding task 
may correspond to representations used by the brain.  

Experimental paradigm 

In this study, the data from Study I was used. For the analysis, we selected a 
subset of 224 multimorphemic words with at least 50 occurrences in the corpus. 
We constructed separate corpus-semantic models for whole words, linguistic 
morphemes, statistical morphemes from the Morfessor model and random sub-
word segments. The word representations were then mapped from the corpus-
semantic space to the MEG responses in a machine learning setting (Sudre et 
al., 2012). The success of this mapping was evaluated by its ability to correctly 
identify items that were not included in the training of the mapping.  
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Figure 11.  A schematic of the study procedure. A) Words in the learning corpus are segmented into 
morphemes using morphological analyzers. B) Vector representations for morphemes are created us-
ing word2vec skipgram algorithm. Vector representation for a complex word is constructed by sum-
ming the morpheme vectors. C) In the neural decoding, a mapping is learned between the word vec-
tors and MEG data recorded during a word recognition experiment.  

Results and discussion 

We found that the decoding accuracy of statistical Morfessor morphemes and 
linguistic morphemes were close to equal, whereas completely random subword 
units performed worse (Fig. 12). The combination of whole-word and mor-
phemic models performed better than either model alone. This may indicate 
that the brain represents complex words as compositions of morphemes that 
are not restricted to those defined by linguistics. A compact corpus-semantic 
model of morphemes obtained via a general optimization principle is thus as 
successful in describing brain responses as the more complex linguistically de-
fined rule-based model.  

When decoding accuracy of individual morphemes constituting the word was 
tested, we found that the first morpheme, corresponding the word lemma, was 
the principal driving force for the performance. In the linguistic model, the non-
lemma morphemes generally had no additional predictive power. However, in 
the models using Morfessor morphemes, the predictive accuracy was more 
evenly distributed among the first and later subword units.  
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The decoding accuracy reached a level of about 68% using morphological and 
whole-word models. This is on par with the results of previous studies that have 
used distributional corpus-semantic models to decode MEG responses evoked 
by non-inflected simple nouns (Derby, Miller, Murphy, & Devereux, 2018; Hul-
ten et al., 2018; Simanova, van Gerven, Oostenveld, & Hagoort, 2014). The per-
formance of the model with random units was lower than that of the other mod-
els but above the significance threshold. This is expected as at least some portion 
of random units approximate actual morphemes, whatever those may be.  

Figure 12. Decoding accuracies as a function of time for corpus-semantic models with different units of 
representation. Dashed line represents p<0.05 significance threshold. 

4.3 Study III: Statistical models of morphology predict eye-track-
ing measures during visual word recognition 

Background 

A central issue in studies of human morphological processing has been the 
nature of the unit of representation in the hypothesized mental lexicon 
(Schreuder & Baayen, 1995). Morphologically rich languages, such as Finnish, 
have a large number of possible word forms, and storing all these forms as a 
separate entries in the mental lexicon may be a suboptimal strategy for a neu-
rocognitive system. An alternative approach is to decompose complex words 
into morphological building blocks, thereby reducing the number of required 
units. However, the decomposition of words may also entail processing cost. If 
the units of mental lexicon are determined by optimization between these two 
costs, it may be possible to address the question using computational models 
incorporating similar optimization.  
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Statistical models of word processing can be based on different types of units 
of representation, such as single letters, n-grams or morphemes. The choice of 
units determines the balance between the cost of storage of lexicon and the com-
putational cost of combining these units into words (Virpioja et al., 2018). A 
minimal lexicon consists of just the letters that need to be combined to form the 
words. At the other end of the spectrum there are whole-word units that mini-
mize the need of computations, but the size of the required lexicon is large. In a 
balanced approach, some words are stored as wholes while others are decom-
posed into units that may resemble the linguistic notion of morphemes. The 
morphemic models may also differ on whether the morphemes are treated as 
independent units or whether information of the preceding morphemes is used 
to predict the subsequent morphemes.   

Eye movements during reading, particularly timing of fixations to target 
words, provide information about automatic aspects of word processing, with a 
better temporal resolution than behavioural reaction times that are measured 
only at the end of the whole process. In this study we investigated how statistical 
models of morphology, reflecting different balance between storage and com-
putation, describe eye-movements during word recognition. We also reached 
beyond the classical single-word reading task to a more natural experimental 
setup that is assumedly less affected by decision processes inherent in reaction 
times. In addition, the initial and subsequent fixation on a target word were 
used to disentangle early and late processes during word recognition.  

Experiment 

Participants’ eye movements were recorded during word recognition experi-
ments. The stimuli were Finnish nouns consisting of 1-5 morphemes. Multimor-
phemic words consisted of the stem and one or more inflectional and deriva-
tional suffixes. In addition, a set of pseudowords were included. The first exper-
iment was a standard lexical decision task similar to the one used in Studies I & 
II. Trials started with presentation of a fixation cross for 500 ms, followed by a
stimulus word. The task was to determine whether the word was a real Finnish
word or a pseudoword.  The second experiment was a multiword reading task
in which the target word was presented with other unrelated words in a row. In
some cases, the row of words also included a pseudoword, and the task was to
detect those trials.

In both experiments, the first and subsequent fixations to target words were 
analysed separately. We constructed linear mixed effects models to predict the 
fixation durations using the word processing cost from the various morpholog-
ical models as the independent variable.  

Results and discussion 

The models based on statistical optimization were successful in predicting eye 
movements in both tasks. The first fixation duration, thought to correspond to 
early processing, was best predicted by morphological models that decomposed 
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all words into morphemes. The late measures, in turn, were best predicted by 
models that segmented some words into morphemes while keeping others un-
segmented, supporting dual route architectures of word recognition that feature 
simultaneous processing of whole words and decomposed segments (Baayen & 
Schreuder, 1999; Schreuder & Baayen, 1995). Overall, the models based on 
whole words performed well for short words, but did not fare well for long 
words, especially in the second experiment. This suggests that the predictive ac-
curacy of the whole-word models in lexical decision (Virpioja et al., 2018) may 
partially stem from the decision-making processes that are less emphasized in 
a more naturalistic task. The models that used predictive information of preced-
ing morphemes to predict subsequent morphemes performed well for the long 
words. 
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4.4 Study IV: Two distinct auditory-motor circuits for monitoring 
speech production as revealed by content-specific suppres-
sion of auditory cortex 

Background 

Speech production allows the brain to make explicit forward predictions about 
incoming sensory information. The response to spoken stimuli on the auditory 
cortex is modulated if the listener himself is the one speaking. In addition to 
overt speech, also imagined speech has been shown to reduce the auditory cor-
tex activation to speech stimulus (Sams et al., 2005). In this study, we used MEG 
to examine whether the forward prediction and auditory cortex modulation is 
sensitive to context at subword level, i.e., whether the brain tries to match the 
content of the phonological working memory to the individual syllables of 
speech stimulus. If the attenuation is context-specific at the word level, it should 
be observed only when the imagined word matches exactly the spoken word in-
put. If the attenuation is observed when the imagined word has only a partial 
match with the spoken word, one may conclude that the forward prediction 
must operate at a subword level.   

Experimental paradigm 

The stimuli were sequences of 5 spoken pseudowords that participants lis-
tened to while MEG was recorded. In addition, unrelated visual symbols were 
presented on the screen simultaneously with the spoken words. The symbols 
were used in a control condition. 

The experiment consisted of two conditions with identical auditory and visual 
stimuli but different task instructions: the memory task and the control task. In 
the memory task, the participant was instructed to memorize the first 
pseudoword and repeat it at the end of the trial. The pseudoword thus had to be 
kept in short-term memory during listening of the subsequent pseudowords. In 
some cases, the sequence of pseudowords included items that matched the 
memorized pseudoword either fully or had a single matching syllable.  One as-
pect of the study was to determine whether the type of match is reflected in the 
brain responses. In the control task, the instruction was to disregard the spoken 
input and count the number of repeating geometric symbols. Hence, the control 
task provided a baseline condition without the imagined speech. 

Results and discussion 

We analyzed the MEG responses to the final pseudoword of each trial. The 
independent variables were the experimental condition and the relationship of 
the final pseudoword to the first pseudoword in the trial.  

In the memory condition, we found that the cortical N1m responses were sig-
nificantly attenuated when the pseudoword was concordant with the item main-
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tained in the working memory. The attenuation was evident in bilateral tem-
poral regions in both sensor-level and source-level analysis. No such attenua-
tion was observed in the control condition. In contrast, when the beginning of 
the pseudoword matched but its ending differed from the rehearsed 
pseudoword, there was a significant enhancement of the N1m response on the 
left hemisphere but not on the right. The result supports distinct circuits for 
subword and whole-word level processing. The left temporal cortex was espe-
cially sensitive to partial item matches whereas the whole-item match was re-
flected on both left and right hemispheres.  



General Discussion 

41 

5. General Discussion

Efforts to link brain activity to quantitative models are essential to gain a more 
detailed understanding of the computational properties underlying the lan-
guage ability. Models developed for NLP applications have shown promise in 
describing morphological or subword aspects of human word processing, alt-
hough these models have not been developed particularly for neurocognitive 
tasks (Chater & Manning, 2006; Virpioja et al., 2018). Similar approaches may 
be applicable to other domains of language function as well.  

A central feature of these models is the information theoretic concept of sur-
prisal (Shannon, 1948). The surprisal is also the essence of the so-called Bayes-
ian brain hypothesis, which proposes that many brain functions can be under-
stood in a common and very general framework, that of minimization of free 
energy (Friston, 2010, 2012). The surprisal based models have intriguing fea-
ture that the predictions which are calculated using linguistic information may 
be connected to physical phenomena that can be studied in neuroscience. 
Therefore, this type of models offer one possibility to bridge the conceptual gap 
that exist between linguistics and neuroscience. 

Study I of this thesis was aimed to examine how surprisal-based measures, 
capturing different levels of linguistic abstraction, predict brain responses dur-
ing visual word recognition.  In addition, Study IV examined whether the brain 
makes explicit predictions at subword level that modulate responses to spoken 
words. Studies II and III were aimed at seeking the optimal morphemic units 
for decoding brain responses and describing eye-movements during word 
recognition, and comparing these subword units to the morphemes that are de-
fined by linguistic analysis. 

5.1 Expectations and information in predicting brain responses 

MEG responses during visual word recognition are thought to reflect distinct 
stages of language processing (Salmelin et al., 2019).  In Study I, we found that 
the first cortical stage of this process, the occipital response at 100 ms, could be 
well modeled with surprisal associated with overall visual complexity. Im-
portantly, two conceptually different ways to calculate the visual surprisal pro-
duced predictions that worked equally well. The first method used the number 
of letters to index complexity. The second method calculated the compressibility 
of the visual image of the word. These predictions were able to quantitatively 
predict the amplitude of the response at a single-item level. High image com-
plexity was associated with an enhanced response.  
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For the second activation peak at the occipito-temporal area, we found, again, 
that image-complexity/word length acted as a predictor, but in addition, the 
word bigram frequency significantly improved the prediction when used in the 
same regression model. This counts as evidence that the response is sensitive to 
learned statistical features of language. However, we were not able to connect 
the response to any morphological model. Taken at face value, this finding is in 
line with proposals suggesting that word recognition proceeds in a hierarchical 
fashion from single letters to bigrams to more complex units in the ventral vis-
ual stream (Dehaene, Cohen, Sigman, & Vinckier, 2005). 

The sustained N400m type activation in the bilateral temporal cortices was 
well predicted by lexicality, indexed by word frequency, as well as surprisal 
given by the Morfessor model. In a multiple regression setting, we found that 
these measures explained unique portions of variance.   

Study IV explored the role of expectation in a more immediate fashion. That 
study showed that active maintenance of syllables in the phonological working 
memory directly affects the brain response related to sensory input. When the 
input matched the content of the working memory, the neural responses were 
attenuated as would be expected if the role of prediction is to minimize the en-
ergy expenditure required to process incoming information.  

Taken together, our results show that the concept of surprisal is well suited for 
tracking the word recognition process in the human brain. Both long-term pre-
dictions based on statistical features of language environment and immediate-
term expectations based on memory content seem to attenuate the responses to 
incoming language content.  

5.2 Neural correlates of morphological or subword information  

Studies I and II were focused on brain responses related to morphological as-
pects of complex words. In a highly synthetic language such as Finnish, the 
reader frequently encounters novel word forms, and it is essential for the neu-
rocognitive system to appreciate the regularity in the word structures. Study I 
showed that the N400m-type evoked response on bilateral temporal areas was 
correlated with surprisal values from the whole word and the Morfessor model. 
Because the two models simultaneously predicted aspects of the response, it 
may indicate simultaneous representation of whole-word form and the mor-
phemic components. This result would be in line with several hybrid models of 
word recognition proposing that the full-word route operates in parallel with a 
decomposition route (Baayen & Schreuder, 1999; Caramazza et al., 1988; Frau-
enfelder & Schreuder, 1992).  

There is some disagreement on when exactly morphemic representations may 
be accessed. A sublexical hypothesis, adopted by many decomposition models 
(e.g., Taft, 1994), is a claim that morphemes are accessed at early stages of word 
recognition. However, there are also arguments claiming that morphological in-
formation is considered only after the whole word has been represented (Gi-
raudo & Grainger, 2001). 
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Some studies, mostly using English language (Solomyak & Marantz, 2009a; 
Zweig & Pylkkänen, 2009) have found evidence that the response in the occipi-
tal-temporal area, preceding the N400m response, is sensitive to visual form of 
morphemes, supporting the sublexical hypothesis. However, when controlling 
for visual forms by examining English heteronyms, Solomyak and Marantz 
(2009b) found that the lexical properties did not affect the early processing be-
fore 300ms. In study I, we found that this response was correlated with open-
bigram frequency, but the Morfessor model had no unique predictive power in 
the multiregression model. Other studies in Finnish have also failed to associate 
the occipito-temporal response to morphological complexity  (Vartiainen, Ag-
gujaro, et al., 2009). One reason why the Morfessor model does not correlate 
with this response can be that the morphemes of the model correspond to lexical 
units rather than visual forms, and these are not always identical. For example, 
the letter pattern ‘tea’ is a morpheme in ‘teapot’ but not in ‘teacher’, this situa-
tion occurs quite often in Finnish words. Hence, if the occipito-temporal re-
sponse relates mostly to visual forms, it does not necessarily reflect morpholog-
ical complexity of Finnish words.  

In addition to words, we also examined pseudowords in Study I. Because the 
Morfessor model is not dependent on the lexicality of the word, the surprisal 
values can also be calculated for pseudowords. Pseudowords with lower sur-
prisal, i.e., those with typical word-like segments, were associated with attenu-
ated neural response, but a longer reaction time.  This pattern of behavioural 
and brain responses is similar to those previously associated with orthographic 
neighbourhood of pseudowords  (Holcomb, Grainger, & O’Rourke, 2002). The 
morpheme-frequency effect with pseudowords suggests that in some cases, 
morphemes can be processed also when they are not part of a meaningful whole 
word.  

Study II examined the idea that morphemes are the minimal meaning-bearing 
units. That is, in order to be considered morphemes, the statistical morphemes 
should have some semantic properties, like linguistic morphemes. We found 
that the brain responses to morphologically complex Finnish words could be 
predicted by a corpus-semantic word model. Importantly, similar predictive ac-
curacy was achieved by training the distributional models for individual mor-
phemes. We show that the set of morphemes from the Morfessor model and 
those determined by linguistic rules perform equally well in the brain decoding 
task. This result does not support the idea that linguistic morphemes form an 
exclusive club of possible meaning-bearing subword segments.  

5.3 Optimal subword units for word representation 

The question we are faced with morphological decomposition models is what 
exactly are the morphemic segments and situations that trigger decomposition. 
With network models we can inquire what the most relevant subword cues are 
that activate the correct word representations. Studies II and III examined the 
predictive performance with different types of statistical morphemes as well as 
linguistic morphemes.  
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In the context of decomposition models, the cost of word processing is com-
posed of the storage cost of morphemic units and possible additional cost of 
combining distinct units to form unified representations. In the Morfessor 
model, this balance can be adjusted with a hyperparameter. In Study III, we 
found that the total gaze duration during word recognition was best predicted 
by a balanced model in which some words are decomposed but also many mul-
timorphemic words were represented as whole units. The best performing 
model used fewer and longer segments than the linguistically structured model. 

Indicative of optimization, in Study II, the semantic models using statistical 
morphemes were an order of magnitude smaller than the models using linguis-
tically structured units or whole words: the number of required units in the sta-
tistical morphemic model was 1*105 compared to 9*105  units in the linguistic 
model. The number of unique whole-words exceeded 107 . In addition, a signif-
icant number of whole words were found only once or a few times in the corpus, 
preventing accurate model construction and highlighting the importance of 
morphological considerations in the highly synthetic Finnish language. 
 In addition, we found that linguistic affixes had no predictive power in the se-
mantic model, but some Morfessor affixes did (here affix refers to any subword 
unit that is not the first one in the word). This may result from the fact that the 
optimal Morfessor morphemes are longer and, therefore, can contain more 
meaning or semantic information than the less specific linguistic morphemes. 
For example, longer affixes can incorporate several grammatical markers in a 
single subword unit. These results suggest that, at least in the case of Finnish, 
the brain may prefer a more coarse-grained image of language than that defined 
by linguistics.  

5.4 Future directions 

The studies reported in this thesis provide a basis for future research in several 
areas.  Studies I and III employed the Morfessor model to describe aspects of 
human word recognition and contrasted those to traditional psycholinguistic 
variables. While the results suggest that Morfessor accounts for a unique pro-
portion of variance in reaction times, eye-movement measures and brain re-
sponses, and in general outperforms simpler models, the results are neverthe-
less quite novel, and their reliability would be greatly enhanced by replication 
with different word sets and participant populations. As the differences between 
different models are relatively modest, future studies should pay detailed atten-
tion to selecting optimal statistical methods for reliable model comparison. 

 In addition, while the Morfessor model has proven to be a very useful descrip-
tion of highly synthetic languages such as Finnish, there is nothing language-
specific in the model. On the contrary, the whole approach is based on a general 
idea of optimization of representation that should be shared by wide variety of 
languages, albeit perhaps to a different degree. Therefore, replication using dif-
ferent languages would be paramount. The simplest way to proceed might be to 
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leverage already existing datasets such as lexical decision megastudies (Keu-
leers, Diependaele, & Brysbaert, 2010; Keuleers, Lacey, Rastle, & Brysbaert, 
2012). A success in explaining behavioural reaction times would then warrant 
further studies using more involved measures such as eye movements and brain 
responses. All studies employed in this thesis employed experimental setups 
that required recognition of words in isolation. As a central aspect of morphol-
ogy is marking the grammatical status of words in sentences, any experiment 
using isolated words cannot be expected to fully capture the phenomena. There-
fore, future studies will also need to consider more naturalistic reading situa-
tions. Furthermore, if the brain does operate by trying to predict incoming lin-
guistic content, the mechanisms would likely employ variety of information that 
is available in the particular context and environment. Consequently, models 
employing only statistical properties extracted from a general text corpus can 
most likely describe only a portion of the situation.  

Study II suggests that the brain might be sensitive to letter-strings that do not 
always coincide with linguistic morphemes and it may associate them with se-
mantical context. This hypothesis should be examined with a variety of experi-
mental approaches to increase the confidence. One possibility could be tradi-
tional priming experiments. It would be interesting to see whether the distribu-
tional models for morphemic units could provide predictions for possible non-
obvious priming effects beyond semantically transparent prime-target pairs, or 
perhaps provide a unifying description for form- and morphology-based prim-
ing results. 
 

 
 

5.5 Conclusions 

A portion of the neural and behavioural responses can be attributed to pro-
cessing or representation of morpheme-like subword units, without invoking 
any explicit linguistic rules on what constitutes a morpheme. The statistical 
models of morphology provided equal or superior performance to linguistically 
structured models. Morphemic representations may emerge organically from 
requirement of optimization of representation. 

Morphological processing was dissociated from that of low-level visual and 
orthographic features and was linked primarily with sustained activation of the 
bilateral temporal regions from about 250 ms onwards after stimulus presenta-
tion.  

Models emerging from computational linguistics provide quantitative predic-
tions that can be tested against neuroscientific data. These models can drasti-
cally improve neurocognitive study of language by leveraging the fast-paced on-
going development in machine learning methods. 
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